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Technological advances in the last decade have given rise to large Genome Wide Studies which
have helped researchers get better insights in the genetic basis of many common diseases. As
the number of samples and genome coverage has increased dramatically it is currently typical that
individuals are genotyped using high throughput platforms to more than 500,000 Single Nucleotide
Polymorphisms.
At the same time theoretical and empirical arguments have been made for the use of haplotypes,
i.e. combinations of alleles at multiple loci in individual chromosomes, as opposed to genotypes so
the problem of haplotype inference is particularly relevant. Existing haplotyping methods include
population based methods, methods for pooled DNA samples and methods for family and pedigree
data.
Furthermore, the vast amount of available data pose new challenges for haplotyping algorithms.
Candidate methods should scale well to the size of the datasets as the number of loci and the
number of individuals are well to the thousands. In addition, as genotyping can be performed
routinely, researchers encounter a number of specific new scenarios, which can be seen as hybrid
between the population and pedigree inference scenarios and require special care to incorporate
the maximum amount of information.
In this thesis we present a Sequential Monte Carlo framework (TDS) and tailor it to address in-
stances of haplotype inference and frequency estimation problems. Specifically, we first adjust our
framework to perform haplotype inference in trio families resulting in a methodology that demon-
strates an excellent tradeoff between speed and accuracy. Consequently, we extend our method to
handle general nuclear families and demonstrate the gain using our approach as opposed to alter-
native scenarios. We further address the problem of haplotype inference in pooling data in which
we show that our method achieves improved performance over existing approaches in datasets
with large number of markers. We finally present a framework to handle the haplotype inference
problem in regions of CNV/SNP data. Using our approach we can phase datasets where the ploidy
of an individual can vary along the region and each individual can have different breakpoints.
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Technological advances in the last decade have given rise to large Genome Wide Studies which
have helped researchers get a better inside in the genetic basis of many common diseases. As the
number of samples and genome coverage has increased dramatically it is currently typical that
individuals are genotyped using high througput platforms to more than 500000 Single Nucleotide
Polymorphisms (SNPs).
At the same time theoretical and empirical arguments have been made for the use of haplotypes,
i.e. combination of alleles at multiple loci on individual chromosomes, as opposed to genotypes.
Population genetic principles show us that variation in populations is inherently structured into
haplotypes [1]. The DNA sequence variation that is found in a population is the result of the past
transmission of that variation through the population, and this historical past produces a structure
to the SNP variation that can be of considerable value in many settings.
This theoretical argument for the use of haplotypes as described above focuses primarily on
2the fact that the way genetic variation occurs through mutation, drift and selection recombination,
suggests an intrinsic organization into haplotypes. At the same time, it also comes natural to argue
that haplotypes represent the natural organization of information within the genome as they also
define the functional units of genes [1].
It therefore comes to no surprise that as opposed to examining SNPs independent of each other,
haplotypes have been shown to be not only useful, but enabling unique insides in the study of the
human genome.
In linkage analysis, haplotype inference can dramatically increase the power over single marker
approaches [2]. Haplotypes in a pedigree are invaluable in estimating the identity by descent (IBD)
probabilities among pedigree members, which provide the basis of many linkage methods [3].
Haplotype information can also be used to identify genotyping errors, through identification of
double recombinations within short chromosomal regions and to infer missing gentoypes.
In association studies a variety of methods exist in the literature that use haplotypes to increase
the power of the study to detect causal relationships between a genetic region and a phenotype [4].
Many of these methods use a clustering approach to group haplotypes based on similarity and per-
form statistical tests on these clusters [5–7]. The underlying concept lies in the expectation that, as
noted above, clusters reflect aspects of the evolutionary history of case and control chromosomes.
Coalescent based methods more specifically try to explicitly model this history [8–10]. A number
of approaches further use a sliding window [5,11], determined by blocks of strong LD while newer
approaches allow localized haplotype clustering that varies along the genome [12].
At the same time haplotypes are required for many population genetic analyses. Specifically,
methods for inferring selection [13], for studying recombination [14, 15] as well as historical mi-
gration [16, 17] build their subsequent analysis on existing haplotype data.
3On the core of all aforementioned methods lies the concept of haplotypes. Experimental meth-
ods of haplotyping include diploid to diploid conversion [18], allele specific PCR and cloning.
Although these techniques have been shown to provide more information over early developed
statistical methods [19,20] they are expensive and extremely time consuming compared to modern
high-throughput genotyping.
The computational determination of haplotypes from genotype data is thus potentially very
valuable if the estimation can be done accurately and has received an increasing amount of attention
over recent years. Existing haplotyping methods include population based methods, methods for
pooled DNA samples and methods for family and pedigree data.
In the current era of genomewide association studies the vast amount of available data pose new
challenges towards this endeavor. Candidate methods should scale well to the size of the datasets
as the number of loci and the number of individuals are well to the thousands. At the same time,
as genotyping can be performed routinely and at a low cost, researchers encounter a number of
specific new scenarios which can be seen as hybrid between the population and pedigree inference
scenarios that require special care to incorporate the maximum amount of information.
In this thesis we develop a Sequential Monte Carlo framework to address these issues. Our
methodology examines all alternative phasing scenarios locally in a tree-like fashion and thus the
name of our developed model ”Tree based Deterministic Sampling” (TDS).
1.2 Overview of Prior Work on Haplotype Inference
As haplotype analysis offers advantages over genotypes it is not surprising that this subject has
received a lot of attention. Haplotype inference or ”phasing” refers to the reconstruction of the un-
4known true haplotype configuration from observed genotype data. There are two main settings for
haplotype inference as mentioned in the previous paragraph, namely inference in population sam-
ples and inference in pedigrees. Both settings suffer from the same problem, that the space of all
consistent haplotype configurations for each individual in the dataset is intractable. A substantial
amount of prior work has been done for both phasing scenarios.
In pedigrees a large number of statistical and genetic rule based methods were developed to
estimate the true haplotype configuration by identifying a single most likely consistent haplotype
configuration [3]. Haplotyping methods for pedigrees include likelihood-based methods and ge-
netic rule-based methods. Likelihood-based methods reconstruct configurations by maximizing
the likelihoods or conditional probabilities of the configurations. Rule based algorithms recon-
struct configurations by minimizing the total number of recombinants in the pedigree data.
In unrelated individuals a number of methodologies have been developed as well, that use
appropriate statistical frameworks to determine for each individuals its most probable haplotype
orientation [21]. Population based methods attempt to take advantage and efficiently process the
inherent haplotype information in the population samples to perform the inference. No rule based
approaches can be applied in this setting as familial information for the samples is absent.
In addition, in recent years hybrid scenarios between these two haplotype inference categories
have come to existence with trio families (families consisting of father-mother-offspring) being the
most prevalent. A number of algorithms originally developed for haplotype inference in unrelated
individuals have been extended to the trio case.
In the following chapters existing approaches for both settings will be described in detail. The
limitations for each category of methods will be explicitly stressed together with their potential
advantages as well as weaknesses.
51.3 Contributions of the Thesis
In Chapter 2, a Sequential Monte Carlo methodology for haplotype inference in trio datasets is
introduced and its performance is demonstrated against competing methods. The performance and
scaling of the method is demonstrated in large datasets which is the case in current Genome Wide
Association Studies (GWAS).
In Chapter 3, the previously developed trio framework is extended to handle cases in which
families may include more than one siblings. In the extended framework, we attempt to resolve the
phasing within families using a modified pedigree rule-based approach and resort to the population
derived information for ambiguous phasing instances. We demonstrate and quantify the gain in the
accuracy offered by applying the proposed methodology as opposed to any of the conventional trio
or pedigreed configurations that could partially resolve the same problem.
In Chapter 4, a framework for the case of pooling and polyploid data is presented. The frame-
work can process larger genotype segments compared with current approaches while maitaining
the accuracy for smaller segments.
In Chapter 5, a related new framework is introduced for inferring phase in regions including
simultaneously Copy Number Variations (CNVs) as well as SNPs. As opposed to pooling or
polyploid methods that have to assume fixed ploidy across the phasing region, we address the
general problem where the ploidy of each individual can vary across the region and each individual
can have different breakpoints.
In the last Chapter conclusions and future work are discussed.
6Chapter 2
Haplotype Inference in Trio Families
2.1 Introduction
As discussed in the previous chapter a very common setting in association studies is the case of
”trio” data, HapMap [22] being an example. In particular, ”trio” data consist of genotypes given in
father-mother-child triplets and are widely obtained in GWAS. Most phasing algorithms originally
developed for unrelated individuals have been adapted to this type of data. A major challenge
currently for all previously developed and new frameworks, as will be further discussed along this
and the following chapters, is to be able to scale well both accuracy and computationally wise with
the constantly increasing marker and dataset sizes.
One of the most common algorithms for trio inference which was also used in the HapMap
project is PHASE [23]. PHASE uses a Bayesian approach attempting to capture the tendency that
haplotypes cluster together over regions of the chromosome and that this clustering can change
as we move along the chromosome because of recombination. It uses a flexible model for the
decay of linkage disequilibrium (LD, the non-random association of alleles) with distance. Al-
7though PHASE is considered the most accurate method, its computational complexity makes it
prohibitively slow even for intermediate-sized datasets. Thus, it may not be the method of choice
for routine use in large genome-wide association studies. On the other extreme of the trade-off
between complexity and accuracy, a computationally simple method (2SNP [24]) uses maximum
spanning trees to successively phase whole genotypes starting from SNP pairs. Other well known
approaches include HAP [25], using imperfect phylogeny, HAP2 using a Markov Chain Monte
Carlo (MCMC) scheme [26] and PL-EM [27], which uses an Expectation Maximization (EM)
algorithm. A Gibbs sampling method, Haplotyper, is proposed in [28], which introduces the
partition-ligation (PL) method to support haplotype inference on long genotype vectors, a pro-
cedure adopted by some of the aforementioned methods so that they can be extended to large
datasets. An obvious drawback of the Gibbs sampler and of most of the previous frameworks is
that when new data is introduced into the original dataset, the previous data also has to be reused in
the estimation of the new data. Another drawback of using Gibbs sampler and EM algorithm in the
haplotype inference problem is the lack of robustness of these two algorithms when the parameter
space exhibits multimodality such as the one we encounter in the haplotype inference problem.
The performance of these methods has been evaluated in simulated datasets of both trio as well
as unrelated individuals in a comparative review [21], providing some ”gold standard” datasets
for future algorithms to be compared upon. A more recent approach (BEAGLE [29, 30] ) uses
localized haplotype clustering and fits the data using an EM-style update.
As noted above, it is important for phasing methods that they scale well with the number of
SNPs as well as the number of individuals. It is also important in terms of computational time
that when new data is inserted in phased datasets, we do not have to reuse the previous data in the
estimation of the new data.
8In this chapter we introduce our TDS algorithm for haplotype phasing of trio data. In our meth-
ods trios are processed sequentially. All possible solutions for each haplotype are examined. TDS
uses the idea that within haplotype blocks there is limited haplotype diversity and thus attempts to
phase each new trio using haplotypes that have already been encountered in the previously seen
trios. The TDS framework allows us to effectively perform this search in the space of all possible
solution combinations. The procedure as will be described in the ”Methods” section that follows,
can be seen as an efficient tree search procedure where in each step only ”the most probable” so-
lution streams are kept. Each of them contains one and only one solution for each trio already
encountered.
In the following subsections we present our algorithm and we show that TDS demonstrates an
excellent tradeoff of accuracy and speed, making it particularly suitable for routine use.
2.2 Results
The structure of this section is as follows: First we describe the datasets and figures of merit used
to evaluate the method. Then we present the results from comparing our method to BEAGLE,
PHASE and 2SNP.
2.2.1 Datasets
We used a set of simulated datasets with the ”COSI” software [31] as provided in [21]. The
haplotypes were simulated using a coalescent model that incorporates variation in recombination
rates and demographic events and the parameters of the model were chosen to match aspects of
data from a sample of Caucasian Americans [21,31]. Three classes of dataset were provided, with
9each consisting of 20 sets of 30 trios spanning 1 Mb of sequence with a density of 1 SNP per 5
kb [21] .
We also used the ”COSI” software to create our own realistic simulated data sets to assess the
performance of our method on large datasets. We created 20 datasets each of them consisting of
4000 haplotypes with 20 Mb of marker data using the ”best-fit” parameters obtained from fitting
a coalescent model to the real data. Samples were taken from a European population and each
simulated dataset has a recombination rate sampled from a distribution matching the deCODE
map [32], with recombination clustered into hotspots. For each simulated dataset, we intitially
selected only those markers with minor allele frequency greater than 0.05. Markers were then
randomly selected to obtain a density of about 1 SNP per 3kb. In each dataset two sample sizes
were created: 100 and 1000 trios. In each trio, each parent was randomly assigned a haplotype
from the population so that no two individuals had the same haplotype and one of the haplotypes
of each parent was selected to be transmitted to the child.
2.2.2 Definitions of Criteria
Transmission Error Rate: The transmission error rate is the proportion of non-missing parental
genotypes with ambiguous phase that were incorrectly phased [30].
Incorrect Trios (IT): The number of trios for which phasing was not completely correct.
Computational Time: Our algorithm was implemented in Java for portability, memory effi-
ciency and speed. For each method we recorded the average computational time in each dataset
(ST1, ST2, ST3) on a 3.66 GHz Xeon Intel PC with 8 GB of RAM.
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2.2.3 Transmission Error Rate and Incorrect Trios
The performance of the methods on the simulated data sets is shown in Tables 2.1 and 2.2 . We
decreased the <nsamples> parameter in BEAGLE from the default value, R = 4, to decrease
computational time. Our purpose was to make the results of BEAGLE and TDS as comparable as
possible by allowing both methods to run for approximately the same time. PHASE shows superior
performance to all other methods in all datasets for both figures of merit. 2SNP was consistently
outperformed by all other methods consistent with the result mentioned in [29]. For most of the
datasets, a lower transmission error rate usually implied fewer incorrectly-phased individuals. TDS
shows superior performance to BEAGLE and 2SNP for all datasets, losing only to PHASE.
We set 1% of the genotypes to missing values and we reevaluated the performance of the
algorithm in these datasets and the results are shown in Tables 2.3 and 2.4. We again see that TDS
shows superior performance compared to BEAGLE with <nsamples> parameter equal to 1 on all
datasets. When we set in BEAGLE <nsamples>=4, BEAGLE shows superior performance on
ST3 dataset and marginally on ST1 dataset.
We demonstrated the accuracy of our method with increasing dataset size by varying the num-
ber of trios and markers and evaluated the performance by means of the Transmission Error Rate
as shown in Table 2.5. We used marker sizes of 200, 400, 1000 and 6000 markers for 100 and 1000
trios. Due to the excessive computational time of PHASE, we excluded it from these comparisons.
Furthermore, we avoided using the number of Incorrect Trios as means of comparison, because
as the genotype vectors grow longer, eventually all methods will find it hard to correctly infer the
entire haplotype and the number of Incorrect Trios will be the total number of trios. For datasets of
the size of 1000 trios we noted that, in order to be able to take advantage of the information offered
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Average Transmission Error Rate
ST1 ST2 ST3
PHASE 0.0013 0.0013 0.0145
BEAGLE
R=1 0.0235 0.0318 0.0426
R=4 0.0150 0.0148 0.0344
TDS 0.0039 0.0065 0.0320
2SNP 0.4377 0.4868 0.4861
Table 2.1: Average transmission Error Rate For Phasing Trios.
Average number of Incorrect Trios per dataset
ST1 ST2 ST3
PHASE 0.3 0.4 2.45
BEAGLE
R=1 3.75 5.8 6.4
R=4 1.95 2.9 5.45
TDS 0.95 1.6 5.4
2SNP 25.9 28.6 28
Table 2.2: Average number of Incorrect Trios per dataset
as a whole, we had to allow a very large number of streams in our algorithm (Methods section)
that would result in excessive computational time. However, we found that we could have minor
losses by partitioning the dataset in slices of 100 trios where we had established significant gain
compared to BEAGLE. From Table 2.5 we see that TDS shows superior performance for datasets
of up to 100 trios for all marker sizes. For datasets of the size of 1000 trios, BEAGLE showed
superior performance to all methods.
Average Transmission Error Rate
ST1 ST2 ST3
PHASE 0.0031 0.0023 0.0161
BEAGLE
R=1 0.0213 0.0248 0.0354
R=4 0.0093 0.0133 0.0278
TDS 0.0094 0.0116 0.0348
2SNP 0.3038 0.3486 0.3169
Table 2.3: Average transmission Error Rate For Phasing Trios with 1% Missing Rate.
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Average number of Incorrect Trios per dataset
ST1 ST2 ST3
PHASE 0.6 0.475 2.653
BEAGLE
R=1 3.6054 5.25 6.4661
R=4 1.7464 3.1321 4.8893
TDS 1.7521 2.7018 5.7768
2SNP 26.05 28.55 28.2
Table 2.4: Average number of Incorrect Trios per dataset with 1% Missing Rate
Markers
200 400 1000 6000
TDS 100 0.00063 0.00075 0.0015 0.0023
1000 0.00042 0.0008 0.0015 0.0023
BEAGLE 100 0.00013 0.0013 0.0021 0.0024
1000 0.000011 0.00033 0.0005 0.0007
2SNP 100 0.1094 0.2855 0.3916 0.4315
1000 0.1733 0.2524 0.3836 0.4117
Table 2.5: Average Transmission error rate for 100 and 1000 Trios as a function of the number of
markers
2.2.4 Timing Results
The computational times for datasets ST1, ST2 and ST3 are displayed in Table 2.6. In Table 2.7
we present the average running time on the same datasets, but with randomly inserting 1% missing
SNPs in each one of them. Based on these times 2SNP is the fastest algorithm followed by TDS.
Both algorithms were faster than the fastest BEAGLE runs done with <nsamples> parameter
equal to 1. PHASE was the slowest algorithm with computational times 3 orders of magnitude
more than the remaining three algorithms. In Table 2.8 we demonstrate that for large datasets TDS
scaled almost linearly with the number of markers and, as described in the previous subsection,
with the number of trios. For datasets of up to 100 trios, our method is faster than BEAGLE;





PHASE 8452 4932 5464
BEAGLE
R=1 2.59 2.73 2.95
R=4 2.8 3.18 3.27
TDS 1.99 2.48 2.61
2SNP 0.63 0.6 0.59
Table 2.6: Timing Results
Time (s)
ST1 ST2 ST3
PHASE 8613 5220 5831
BEAGLE
R=1 2.6744 2.9873 3.2409
R=4 2.9233 3.2858 3.4429
TDS 2.0643 2.5815 2.7484
2SNP 0.67 0.63 0.6
Table 2.7: Timing Results with 1% Missing Rate
Markers
200 400 1000 6000
TDS 100 2.8 5 14.4 113.6
1000 31.8 63.3 156.2 1257.4
BEAGLE 100 3.7 5.6 15.2 118.4
1000 12.7 31.6 291.8 1952.4
2SNP 100 3 8.9 28.7 180.7
1000 33.4 116.2 399.8 3008.2




All methods could complete the experiments within the preallocated 1.5 Gb of RAM.
2.3 Discussion
An important feature of our algorithm is the partition of the whole genotype sequence in smaller
blocks that exhibit limited haplotype diversity. We currently identify these haplotype blocks based
on the genotype sequences (see Haplotype Block Partitioning section). However, we can have
significant gain in the accuracy of our algorithm if we improve the accuracy in the estimation of the
boundaries of the haplotype blocks. To achieve that, either the haplotype blocks should be already
known from outside sources, or a set of phased haplotypes from the region at interest should
be already available. In real applications, it is very often the case that studies are performed in
populations that are already studied in the HapMap project. This means that for these populations
we have accurately phased samples, which can be used as basis for accurate definition of the
haplotype blocks. Our methodology offers a unique framework that can easily incorporate prior
knowledge in the form of haplotypes or trio genotypes from the same population as that from
which the target samples were drawn. In the case of haplotypes (such as those available from
the HapMap), they are introduced in the form of a prior for the counts in the TDS algorithm. In
the case of unphased trio genotypes, the trios can be phased along with the target samples, with
the result discarded at the end. The presence of the extra information will improve the phasing




We first give an intuitive description of our algorithm highlighting its major concepts without going
into detailed mathematical formalization. Suppose that we denote the wild allele in a particular
SNP locus in a haplotype as ”0” and the rare allele as ”1”. Similarly in a genotype we denote with
0 that the individual is homozygous to the wild allele at that SNP and with ”1” that the individual
is homozygous to the rare allele. We denote with ”2” the heterozygous case. For example the
haplotype pair ”10110” and ”00100” would produce the genotype ”20120”.
In nuclear families each parent transmits a chromosome to a child. In most cases we can detect
which parent transmitted which SNP to the offspring based on the genotypes of the parents and
the offspring. The only case where we cannot infer that information is when both parents and the
offspring are all heterozygous to that SNP (i.e., at that SNP all three genotypes are ”2”). In that
case either parent can have transmitted the wild or the rare allele so we have two possibilities for
the origin of each allele. This means that if a genotype of a trio has L ambiguous SNPS then this
trio would have 2L possible solutions (see solutions for the trios in Figure 2.1).
Our algorithm processes nuclear families sequentially (Figure 2.1). In each family multiple
solutions are produced when we encounter a triple heterozygote SNP as explained before. Our
algorithm examines all these different possible solutions.
Suppose we had n trios and each one of them had {K1, ...,Kn} possible solutions. If we evaluate
simultaneously all solutions for all haplotypes, which would obviously be the optimal way, we
would end up with a total of ∏ni=1Ki possible solutions each one of them having one and only one
solution for each trio. To be consistent we will call ”solution” only the final solution and we will
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call these potential solutions as solution streams. Clearly this number of solution streams would
be infeasible for all non trivial applications. Instead, in our algorithm we process trios sequentially
and after processing each trio we keep only a pre-specified K number of solution streams that
would be the most probable ones (Figure 2.1, 2b and 3b keeping only K = 2 streams in the end
of these steps). Each one of these streams would have one and only one solution for each trio we
have encountered (Figure 2.1).
To further explain this procedure suppose that after processing a trio we have K streams. When
the next trio is processed, which has, say, Kext possible solutions, we append each of these solutions
to each of the previous K streams resulting in a total of KxKext streams (Figure 2.1, 2a and 3a).
From these streams we keep only the K most probable ones (Figure 2.1, 2b and 3b). So we always
end up with K streams after processing each trio.
The idea for weighting the different streams is based on the concept that within a haplotype
block we expect to have limited diversity and find only a subset of all the possible haplotypes. This
means that most haplotypes should be encountered more than once. In terms of our procedure we
would like to phase each new trio based on haplotypes that we have already encountered in that
stream. Since the weight we assign to each node should capture this feature, it is a function of the
weight that this node had prior to attaching one of the possible solutions of the current trio and of
a factor that represents how the currently appended solution includes haplotypes that have already























































































































Figure 2.1: Example of TDS. We process three trios sequentially. In each trio the first two geno-
types are the genotypes of the parents and the third genotype is the genotype of the child. The
possible solutions of each trio are given exactly next to it and numbered 1, 2. In each of the
possible solutions for each trio the first two genotypes are the transmitted and the untransmitted
haplotype from the first parent and similarly the remaining two for the second parent. At each step
we are willing to keep only K= 2 streams which would be called surviving streams. 1) The first trio
has two possible solutions. 2) a) The second trio has two possible solutions. We have four possible
combinations of a solution from the first trio to a solution from the second. The indices below the
solutions show from which solutions from each trio this stream was created. For example stream
s1−2 as illustrated, was created from the first solution in the first trio and from the second in the
second. In each stream we associate a weight as described in method section. b) We keep only
the K = 2 streams with the highest weights (surviving streams) so at this point we consider them
as the most probable and keep them. 3) The third trio has 2 possible solutions. a) Each one of
them is appended in the end of each of the two solutions that we have kept. The definition of the
streams is similar as before with stream s2−1−1 coming from appending solution 1 of the third trio
to stream s2−1. b) Again we keep only two of the streams the ones with the highest weights s2−1−1
and s2−1−2.
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2.4.2 Definitions and Model Selection
Let us assume that we have N trios genotyped in L SNPS. Suppose that gt are the genotypes of the
tth trio, i.e., gt = {gt, f ,gt,m,gt,c} where gt, f , gt,m, gt,c are the genotypes of the father the mother
and the child of trio t respectively. Suppose also that Gt = {g1, ...,gt} is a set of genotypes of
trios up to and including trio t. In each trio we consider the haplotypes of the parents denoted as
ht = {ht,1,ht,2,ht,3,ht,4}, where {ht,1,ht,2} are the two haplotypes of the first parent and {ht,3,ht,4}
are the two haplotypes of the second parent and similarly define Ht = {h1, ...,ht}. Let us also define
as θ = {θ1, ...,θM} a set of population haplotype frequencies for all the M haplotypes that appear
in the population and Z = {Z1, ...,Zy} as the set of haplotypes compatible with at least a genotype
of any trio.
In the next subsection, we present the form that the TDS Estimator would have should the
haplotype frequencies were known. Then we move forward and make the connection to the real
scenario were the haplotype frequencies (θ) are not known.
2.4.3 TDS Estimator with known population haplotype frequencies θ
Similarly to Sequential Monte Carlo methods we assume that by the time we have processed geno-
type gt−1 we have a set of solution streams and their associated weights {H(k)t−1|w(k)t−1,k= 1, . . . ,K}
properly weighted with respect to their posterior distribution pθ(Ht−1|Gt−1). When we process the
trio t we would like to make an online inference of the haplotypes Ht based on the genotypes Gt .
From Bayes’ theorem we have
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pθ(Ht |Gt) ∝ pθ(gt |Ht ,Gt−1)pθ(Ht |Gt−1)
∝ pθ(gt |Ht ,Gt−1)pθ(ht |Ht−1,Gt−1)pθ(Ht−1|Gt−1)
(2.1)







where wt−1 = ∑Kk=1w
(k)
t−1 and I(∗) is the indicator function such that I(x− y) = 1 for x= y and
I(x− y) = 0 otherwise.
From the previous relationships, if we knew the system parameters θ, and assuming that there
are Kext possible haplotypes compatible with the genotype of the tth trio, we would be able to
approximate the posterior distribution of pθ(Ht |Gt) as:







w(k,i)t I(Ht− [H(k)t−1,h(i)t ]) (2.2)
where [H(k)t−1,h
(i)
t ] represents the vector obtained by appending the element h
(i)








t−1pθ(gt |ht = i)pθ(ht = i|H(k)t−1)
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2.4.4 TDS Estimator with unknown population haplotype frequencies θ
However, the population haplotype frequencies are not known. Suppose now that their posterior
distribution Ht and Gt only depends on a set of sufficient statistics Tt = Tt(Ht |Gt) = Tt(Tt−1,ht ,gt).
Similar to 2.1 we have:
pθ(Ht |Gt) ∝ pθ(gt |Ht ,Gt−1)pθ(ht |Ht−1,Gt−1)pθ(Ht−1|Gt−1,Z)







as we only consider haplotypes that are compatible with the genotype of the tth individual. The
recursion now lies only in computing the integral in 2.3. In order to calculate the integral in the
previous equation we will define the prior distribution for the parameters θ and we will show how
to update their posterior distribution.
2.4.5 Prior and Posterior Distribution for θ
Assuming random mating in the population it is clear that the number of each unique haplotype
in H is drawn from a multinomial distribution based on the haplotype frequency vector θ [33].
This leads us to the use of the Dirichlet distribution as the prior distribution for θ so that θ ∼
D(ρ1, . . . ,ρM). It is well known in Bayesian statistics that the Dirichlet distribution is the conjugate
prior of the multinomial distribution. This implies in our case that if we assume that the prior
distribution for θ is Dirichlet and we draw haplotypes based on their frequencies (multinomial




∝ p(gt |ht = (ht,1,ht,2,ht,3,ht,4),θ,Gt−1,Ht−1)
xp(ht = (ht,1,ht,2,ht,3,ht,4)|θ,Gt−1,Ht−1)p(θ|Gt−1,Ht−1)























where we denote ρm(t) m= 1, . . . ,M as the parameters of the distribution of θ after the tth trio
and I(zm−ht,i) with i= 1, . . . ,4 is the indicator function which equals 1 when zm−ht,i is a vector
of zeros, and 0 otherwise.
2.4.6 TDS Estimator
Taking into consideration as argued above that if we know the systems parameters θ then the
p(ht |Ht−1,θ,Z) term represents sampling from a multinomial distribution and that the mean of the







































Having calculated the integral, we can go back to the recursion and assuming that we have
approximated p(Ht−1|Gt−1), we can approximate p(Ht |Gt) as







w(k,i)t I(Ht− [H(k)t−1,hit,1,hit,2,hit,3,hit,4]) (2.4)
The weight update formula is given by





where as noted above r= [∑4i=1 I(z1−h jt,i), . . . ,∑4i=1 I(zM−h jt,i)] and ρ(k)(t−1) is the parameter
vector of the assumed Dirichlet prior which represents how many times we have encountered each
haplotype in stream k in the solutions up to family t−1.
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2.4.7 Haplotype Block Partitioning
Again we use the idea that haplotypes exhibit block structures so that within each block the hap-
lotype blocks exhibit limited diversity compared to the whole haplotype vectors. To define these
blocks we use a Dynamic Programming (DP) algorithm similar to the one used in [34] so that we
partition G into subsets of genotype segments. Our criterion for the DP algorithm partition would
be that the sum of the entropies of the genotypes of the individual blocks would be minimum.
Let us define C(j) as the minimum total block entropy up to the jth SNP, where total block
entropy is the sum of the entropies of all the blocks. If Gi: j is the set of genotypes that contains
genotype segments from SNP i to SNP j, the entropy E(i, j) of that segment can be computed from
the number of occurences of each unique genotype segment in Gi: j.
More specifically if there are n distinct genotypes in Gi: j, {g1,g2, . . . ,gn} each one of them
with counts {a1,a2, . . . ,an} then E(i, j) =−∑nk=1 pkln(pk), where pk = ak∑ni=1 ai . The DP algorithm
then can be formulated as the following recursive structure:
C( j) = min1≤i≤ j{C(i−1)+E(i, j)}
for j− i<W , where W is the maximum allowed haplotype block length.
When the DP algorithm was applied to the ST1, ST2 and ST3 datasets with the maximum
allowed block size being 12, we obtained an average of 6 markers per block with the smallest
block being a single marker and the largest equal to W . On average, we had 22 distinct haplotypes
per block with their number ranging from 1 to 30.
Our algorithm is based on genotypes as opposed to haplotypes that were used in [34]. In
the method proposed in [34], each genotype segment was first phased separately and the entropy
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Average Transmission Error Rate
ST1 ST2 ST3
TDS 0.0039 0.0065 0.0320
Equal TDS 0.0113 0.0085 0.0360
Table 2.9: Average transmission Error Rate For Equal Block Partitioning TDS(Equal TDS).
Incorrect Trio
ST1 ST2 ST3
TDS 0.95 1.6 5.4
Equal TDS 1.6 1.7 5.6
Table 2.10: Average number of Incorrect Trios per dataset For Equal Block Partitioning
TDS(Equal TDS).
of each block was calculated from the number of occurrences of each unique haplotype in that
segment. The same DP algorithm was then applied to the segments and the minimum total block
entropy partition was calculated. In order to avoid this time consuming procedure (it can result in
computational times even bigger than PHASE) we create the blocks based on the genotypes that
can be done instantly. Clearly the bigger the dataset the more accurate our genotype approximation
results will be. However, even for small datasets this approach has been shown to improve our
results compared to the standard equal block partitioning as shown in Tables 2.9 and 2.10.
2.4.8 Partition-Ligation
In the partition phase the dataset is divided into small segments of consecutive loci using the hap-
lotype block partitioning method described. Once the blocks are phased, they are ligated together
using the following method (an extension of the original method described in [28] ).
The result of phasing for each block is a set of haplotype solutions, paired with their associated
weights. Two neighbouring blocks are ligated by creating merged solutions from all combinaitons
of the blocks solutions, each associated with the product of the individual weights, called the
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ligation weight. The TDS algorithm is then repeated in the same manner as it was for the individual
blocks. However, the weights of the solutions are scaled by the associated ligation weight for that
solution. In this way, no information content is lost in the process of ligating.
Furthermore, the order in which the individual blocks are ligated is not predetermined. We first
ligate the blocks that would produce in each step the minimum entropy ligation. This procedure
allows us to ligate first the most homogenous blocks so that we have more certainty in the solutions
that we produce while moving in the ligation procedure.
2.4.9 Summary of the proposed algorithm
In the partition phase the dataset is divided into small segments of consecutive loci using the
haplotype block parititioning.
Routine 1
• Enumerate the set of all possible haplotype vectors, Z, based on the given dataset G.
• Initialization: Find all possible haplotype assignments for each trio and rearrange the trios
in ascending order according to the number of distinct haplotype solutions each one of them
has. Use the first n trios to enumerate all the possible streams, where n is the largest number
such that the total number of streams enumerated from the n subjects does not exceed K, and
compute their weights
• Update: For i= n+1,n+2, . . .
– Find the Kext possible haplotypes compatible with the genotype of the ith trio.
– For k = 1,2, . . . ,Kext
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i−1,h j]with h j= {h j,1,h j,2,h j,3,h j,4}
* ∀ j compute the weights w(k, j)i according to 2.5
– Select and preserve K distinct sample streams {H(k)i ,k = 1, . . . ,K} with the highest
importance weights {w(k)i ,k = 1, . . . ,K} from the set {H(k, j)i ,w(k, j)i ,k = 1, . . . ,K, j =
1, . . . ,Kext}
– ∀k, update the sufficient statistics T (k)i = Ti(Ti−1,h(k)i ,gi)
TDS Algorithm
• Partition the genotype dataset G into S subsets using the procedure described in the Haplo-
type Block partitioning subsection.
• For s= 1, . . . ,S apply Routine 1 so that all segments are phased and for each one keep al the
solutions contained in the top K streams
• Until all blocks are ligated
– Find the blocks that if ligated would produce the minimum entropy
– Ligate the blocks, following the procedure described in the Partition-Ligation section
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Chapter 3
Haplotype Inference in General Nuclear
families
3.1 Introduction
Computational methods for haplotype inference fall into two large categories. The first category
consists of methods that use population data [21] and is used in association studies. Available
algorithms include PHASE [23], BEAGLE [30], TDS [35], HAPLOTYPER [28], HAP2 [26, 36].
The second category consists of methods using pedigree data and is mainly used in linkage studies.
Several programms for haplotyping related individuals exist, many of which are based on the
Lander-Green algorithm [37] and employ different optimization techniques such as MERLIN [38],
GENEHUNTER [39], ALLEGRO [40,41], HAPI [42] or are based on a set of genetic rules such as
MRH [43], ZAPLO [44], HAPLORE [45] and on Bayesian network representation of the pedigree
such as SUPERLINK [46]. Comparative reviews for these two categories have been done [3,
21]. Population based methods attempt to take advantage of features of the population samples to
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perform the haplotype inference. On the other hand, methods that use familial data [3] attempt to
capture the Identical By Descent (IBD) information inherent in the pedigree structure to perform
the phasing.
A scenario that falls in between the population and pedigree based phasing occurs when the
inference is performed in trio families, as discussed in the previous chapter, and many population-
based methods have been extended to handle that case. This trio inference setup can be seen as
a special instance of the more general and less studied problem of haplotype inference in datasets
including nuclear families with an arbitrary number of children. Such datasets that include fam-
ilies with more than one child are encountered in sib pair studies, but it is also possible that, in
consortiums for complex disorders, families have more than one child genotyped and possibly
other family members as well. In these multiple children families, pedigree methods fail to take
advantage of the underlying population information to resolve any ambiguities in the parents not
resolved by information from the remaining family members. On the other hand, when using any
of the well-established trio methods, a family with n children should either be broken into n trios
and each one of them examined separately, or we should use only one child from each family to
determine the haplotype of the parents. An obvious drawback of the first case is that each of the
trios, that have resulted from the original family, may give different solutions for the haplotypes
of the parents, which could cause obvious problems, e.g. in an affected sib-pair study. Irrespec-
tively of its use, the fact that different chromosomes are implied for the same parents depending on
which child we choose, by itself poses concerns for the accuracy of the downstream analysis. In
both cases mentioned above, population trio methods fail to take into consideration simultaneously
all the constraints for the parental haplotypes leading to significant loss of valuable information.
Furthermore, trios do not provide the ability to detect recombination events.
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In a similar study [26], the ability to increase the accuracy in haplotype inference when includ-
ing a child or more in families, as opposed to phasing the relatives as unrelated individuals, has
been demonstrated. However, this study was focusing on small chromosomal segmnets and there
were instances that this methodology could not handle that are common with current genome wide
association data.
In this chapter we first expand the applicability of the TDS algorithm presented in the previous
chapter so that it can handle general nuclear families with any number of children. We examine and
validate our approach on scenarios where fewer families are available as opposed to the number
of families examined in our previous chapter (and in [21]), since for that number of families the
accuracy achieved is very good. We demonstrate the capacity of our algorithm on a real diabetes
dataset. Our method exploits simultaneously all the constraints implied by Mendelian inheritance
on top of the structure of our previously presented TDS trio framework. We further aim to demon-
strate and quantify the gain in the accuracy offered by applying our proposed methodology as
opposed to any of the conventional trio configurations we described above.
3.2 Methods
The structure of this section is as follows: For the convenience of the reader we first give a very
brief description of the TDS procedure presented in the previous chapter and we put in place the
proposed extensions for the case of general nuclear families.
We then describe how to obtain locally for each family the haplotype assignments in the parents
that can produce the children with the minimum number of recombination events and illustrate the
advantages offered when taking into consideration all the children simultaneously in a family as
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opposed to breaking the family into separate trios. We further present the modified version of the
partition-ligation procedure adjusted for nuclear families with multiple children so that we are able
to handle large datasets and we give a summary of the proposed algorithm. Finally, we present the
datasets and figures of merit used.
3.2.1 TDS Algorithm in families revisited
Our tree based deterministic structure examines all possible solutions in each family. In this chapter
we allow a family to have multiple children and we denote as gt = {gt, f ,gt,m,gt,c1, . . . , ,gt,cn}
the genotypes of the t family where gt, f ,gt,m,gt,ci stand for the genotypes of the father, mother
and child i respectively. Let us assume that family t has N possible solutions and we denote the
haplotypes of the parents in the jth solution by h jt = {h jt,1,h jt,2,h jt,3,h jt,4} , so that similar to the
previous chapter {h jt,1,h jt,2} are the two haplotypes of the first parent and {h jt,3,h jt,4} are the two
haplotypes of the second parent. This set of possible haplotype solutions is derived as will be
described in the next subsection ”Minimum recombinant orientation in families”. Using the same
notation as in the previous chapter suppose further that Gt = {g1, ...,gt} is a set of genotypes
of families up to and including family t, where in each family ht = {ht,1,ht,2,ht,3,ht,4} are the
haplotypes of the parents and similarly define Ht = {h1, ...,ht}. Families in our algorithm are
processed sequentially one at a time. Assume that by the time we have processed genotype gt−1
we have a set of possible solutions and their associated weights {H(k)t−1|w(k)t−1,k = 1, . . . ,K}. Each
one of these solution streams has one and only one solution for each family encountered. As
explained in the previous chapter, intuitively, the weight that is associated to each solution stream
can be interpreted as the probability of this solution stream to contain the actual haplotype solutions
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for families up to the tth family.
Suppose now that family t has N possible solutions. We append each of these solutions to
the end of each of the previous streams getting a new set of K ∗N solution streams, [H(k)t−1,h( j)t ] j =
1, . . . ,N for up to family t. The weight for each of the streams is a product of the weight this stream
had prior to attaching one of the possible haplotype orientations for family t by a term representing
how likely it is to see solution h jt for family t given that the solutions for the previous families are
H(k)t−1 and is calculated as





in which r = [∑4i=1 I(z1− h jt,i), . . . ,∑4i=1 I(zM− h jt,i)], ρ(k)(t− 1) is the parameter vector of the
assumed Dirichlet prior which represents how many times we have encountered each haplotype in








According to the weights of each stream, we keep only a subset K of the K ∗N streams that
have the highest weights.
We note here that, as evidenced from our previous description of the TDS scheme, the solution
selection and the weight assignment when the tth family is processed depends on the previously ex-
amined families. To make our assignment more accurate we would be benefited, if the uncertainty
for the haplotype assigment in the previously encountered families is minimum. Therefore, in our
algorithm the order in which we process the families on each block is not predefined. We initially
find all possible haplotype assignments for every family. We then put the families in an ascending
order according to the number of distinct solutions each of them has and process them accordingly.
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The whole procedure is deterministic. The reason that we choose to process the families in such a
way is because the families with fewer solutions imply less uncertainty. Moreover, it is usually the
case that many families have only one possible haplotype assignment. In these families there is no
uncertainty and it makes sense that these families should be processed first, since they represent
haplotype segments that we are sure exist in the population.
3.2.2 Minimum Recombinant Orientation in families
In our algorithm we partition the dataset into small blocks of consecutive loci that exhibit limited
haplotype diversity, as will be described in the partition-ligation section. This subsection describes
our procedure for identifying minimum recombinant orientations for a family in a specific block.
Suppose that gt = {gt, f ,gt,m,gt,c1, . . . , ,gt,cn} are the genotypes of the t family as defined in the
previous subsection where each family member is genotyped in L SNPs. In the trio case, the
only constraints in the set of compatible haplotypes in the family were stemming from laws of
Mendelian inheritance. So the set of compatible solutions would consist of all haplotypes that
could produce the genotypes of the parents, and had a combination of haplotypes one from each
parent that could produce the child genotype. When a family has more than one child, a haplotype
solution for a specific trio is still a valid haplotype assignment to the parents. However, each
different such assignment to the parental haplotypes demands a different number of recombination
events to produce the haplotypes of the remaining children. In our approach, we have considered
from each family only the set of possible parent haplotype assignments that produce haplotypes
that have locally minimal numbers of recombinations in the children.
As we mentioned above and as wil be described in the partition-ligation subsection, in our al-
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gorithm we partition the dataset into small blocks of consecutive loci that exhibit limited haplotype
diversity. It is clear that within each block, for the vast majority of the cases there would be haplo-
type assignments to the parents that can produce the children without assuming any recombination
event and thus they would consist of the minimum recombinant set of solutions for the family. So
as an optimization step, in each family with more than one child, we first consider all the haplotype
assignments to the parents stemming from the trio that includes the child with the minimum triple
heterozygote (ambiguous) sites. All solutions of that trio that can produce the remaining children
consist of valid non-recombinant haplotype assignments to the parents and thus valid minimum
recombinant orientations. This optimization step has allowed us to find, if they exist, valid non-
recombinant solutions for that specific family. In the case that no solution could be obtained as
described above, a straightforward way to obtain a set of solutions implying the minimum number
of recombination events is as follows: First we break each family with n children into n trio fami-
lies and phase each one of them separately. Let us assume that trio j has n j possible solutions and
we denote the haplotypes of the parents in each solution by { ˜h ji,1, ˜h ji,2, ˜h ji,3, ˜h ji,4} so that { ˜h ji,1, ˜h ji,2}
are the two haplotypes of the first parent and { ˜h ji,3, ˜h ji,4} are the two haplotypes of the second par-
ent, and that the haplotypes transmitted to the child from each parent are ˜h ji,1 and
˜h ji,3, respectively.
Therefore, the number of possible haplotype assignments to the parents are P=∏ni=1 ni.
For each of these combinations of haplotype assignments in the children, we can reconstruct
the possible haplotype orientations of the parents that can produce them with the minimum num-
ber of recombination events. To illustrate how we find this minimum recombinant orientation in
the parents, we observe that since we have for each child the haplotype inherited from each par-
ent we can perform the procedure in each parent independently. Suppose now that we consider
one of these P such possible assignments in which the haplotypes transmitted to the children from
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the first parent are h˜ j2 j = 1, . . . ,n according to our previous notation. To create the haplotype
configurations of the parents that would produce the children with the minimum number of recom-
bination events, we start building the haplotypes of the parents from the beginning of the block
SNP by SNP. Homozygous SNPs will not impose a difference in the recombination events since
both haplotypes will have the same allele for these SNPs. At each heterozygous marker we choose
the chromosome that each allele is going to be assigned according to which assignment imposes
the minimum recombination events at that marker and maintaining both assignments if they pro-
duce the same number of events. To find that, we just have to count the number of recombination
events imposed on that exact SNP under both assignmetns. If both assignments produce the same
number of recombination events, we have to keep both of them and perform the procedure for the
remaining SNPs in each one of them separately. Since all P solution combinations are processed
sequentially, if at any point in the current combination the number of recombination events ex-
ceeds the minimum number we have already encountered (from a previous combination) then the
procedure is automatically terminated for that combination and we move to the next one. At the
end of this process, family t will have a corresponding set of parental haplotype assignments.
An illustrated example of our procedure on a family with three children genotyped on three
SNPs is given in Figure 3.1. In the first step (A), the three-children family is broken into three
separate trio families and each one of them is phased separately. Since none of the solutions of the
second trio can produce the remaining two children we cannot obtain a non-recombinant solution
and we have a recombination event. In the second step (B), we consider all possible solution
combinations (1a-2-3a, 1a-2-3b,1b-2-3a,1b-2-3b) and demonstrate the procedure for combination
1b-2-3b. We consider as known what is transmitted from each parent and we create the haplotypes
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of the parents SNP by SNP. In the first parent the first SNP is heterozygous and in all children
the first haplotype (1) is transmitted. The second SNP is homozygous. For the third SNP if we
assign 1 on the first haplotype we have to assume two recombination events to get the haplotypes
of the children and if we assign it on the second one recombination event. We repeat the procedure
in the second parent and we choose the solutions implying the minimum number in each one of
them. The total number of recombination events is the sum of the events in both parents. In the
third step (C), after repeating the procedure in all solution combinations, we keep the ones with
the minimum total number. In this example we have two solutions with one recombination event
that both produce the same parental configuration (which is 1a).
Figure 3.1: Illustration of the procedure for identifying minimum recombinant orientations in a
family
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3.2.3 TDS trios and multiple children comparison
In this section we give an illustrative comparison between the trio and the multiple children
methodologies in a given family, highlighting the main advantages when taking into considera-
tion all the children simultaneously. Suppose, that we denote the major allele in a particular SNP
locus in a haplotype as ”0” and the minor allele as ”1”. Similarly, in a genotype we denote by ”0”
that the individual is homozygous to the major allele at that SNP and with ”1” that the individual
is homozygous to the minor allele. We denote by ”2” the heterozygous case.
In Figure 3.2, we emphasize the advantages offered when considering all children in a family
simultaneously. We focus on the expansion of one stream when a family with three children is
encountered and contrast the expansion performed when the family is broken into three separate
trios as opposed to a single three-child family.
Intuitively, we can discern which solution for the first child is the correct one when considering
the second child. However, we cannot take advantage of that fact when the family is broken into
trios that are phased irrespectively of each other. The third child is a recombinant child. None
of the solutions produced when it is phased irrespectively of its siblings are correct (Figure 3.2
solutions 3a, 3b). This means that none of the resulting streams would correctly phase all three
children, while only two streams phase correctly the first two children (H|1a| 2|3a, H|1a|2|3b).
Furthermore, the parents are assigned different haplotypes in each phasing.
When considering all trios together, we can end up with the correct haplotype solution based
on the minimum recombination criterion. Even though our algorithm searches through all possible
parental haplotype orientations to find the one that would produce the children with the minimum
number of recombination events, we can see that if, e.g., the actual solution for the parents was
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1b, then 3a or 3b would need two recombination events to obtain the haplotypes of all children.
Moreover, considering all the children simultaneously, we are also able to identify the third child
as a recombinant child.
Figure 3.2: A family with three children is phased using TDS (A) broken into three separate trios
and (B) considered as a single family. The actual parental haplotypes are given next to the family.
For each trio the possible solutions are given next to the genotypes of the trio at the bottom of (A).
In each of the possible solutions for each trio the first two haplotypes are the transmitted and un-
transmitted haplotype from the first parent and similarly the remaining two for the second parent.
(A) The family is broken into three separate trios that are phased sequentially. All solution com-
binations are displayed. In our algorithm each solution stream (H|1a|2|3a, H|1a|2|3b, H|1b|2|3a,
H|1b|2|3b) will be assigned a weight and the one with the highest will be selected. (B) The fam-




In the partition phase, the dataset is divided into small segments of consecutive loci using the
haplotype block partitioning method described in the previous chapter and each of the individual
blocks is phased separately. To ligate the individual blocks we have adjusted the corresponding
ligation method presented in the previous chapter as will be described below.
After phasing each block we have a set of haplotype solutions for each family, paired with their
associated weights. Two neighbouring blocks are ligated by creating merged solutions from all
combinations of the block solutions, each associated with the product of the individual weights,
called the ligation weight. This full set of possible solutions is then filtered down to a set of
solutions that implies a minimum number of recombination events as follows:
In each family when creating a merged solution from a solution combination, one from each
adjacent block, we have to decide which haplotypes for each parent will be assigned on the same
chromosome.
As opposed to the trio case where the transmitted haplotype from each parent is known and
there is no ambiguity on how the haplotypes are going to be aligned on the chromosomes, in the
multiple children families we have to do an extra step in ligating the haplotypes in two neighbour-
ing blocks in a family. Depending on which haplotypes from each block are going to be assigned
on the same chromosome for each parent, a different number of recombination events will occur
when creating the genotypes of the children. Again we use the same principle, that is the minimum
number of recombination events, to decide which haplotypes, one from each block are going to be
assigned on the same chromosome. From the set of all possible solution combinations in each fam-
ily in the end we consider only the ones that imply the minimum number of recombination events
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and the weights associated with them. The TDS algorithm is then repeated in the same manner as
it was for the individual blocks with the weights of the solutions scaled by the associated ligation
weight for that solution.
Furthermore, the order in which the individual blocks are ligated is not predetermined. We first
ligate the blocks that would produce in each step the minimum entropy ligation. This procedure
allows us to ligate first the most homogenous blocks so that we have more certainty in the solutions
that we produce while moving in the ligation procedure.
3.2.5 Simulated Data
We used two different kinds of simulated datasets. For consistency, the first three datasets were
the ones provided in [21]. The haplotypes were simulated using a coalescent model COSI [31]
that incorporates variation in recombination rates and demographic events and the parameters of
the model were chosen to match aspects of data from a sample of white Americans. The first two
datasets were simulated with constant and variable recombination rates respectively and the third
dataset had a variable recombination rate and demography parameters consistent with that of white
Americans. Each of the three datasets provided consisted of 20 sets of 30 trios spanning 1Mb of
sequence with a density of one SNP per 5 Kb.
We have also used the COSI software to create our own realistic simulated data sets, each
consisting of 2,000 haplotypes with 1Mb of marker data using the ”best-fit” parameters obtained
from fitting a coalescent model to the real data. Samples were taken from a European population
and each simulated data set has a recombination rate sampled from a distribution matching the
deCODE map [32], with recombination clustered into hotspots. For each simulated data set, we
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initially selected only those markers with minor allele frequency greater than 0.05. We then applied
a greedy tag-SNP selection algorithm [47] on these markers to retain a maximally informative set
of SNPs so that each marker in the initial dataset was either genotyped or had r2 above a specific
threshold with at least one of the selected genotyped markers. We considered these threshold
values to be 0.7 (low density set) and 0.9 (high density set). The median number of markers for
the low density set was 236 markers with a range of 30-652 markers, whereas in the high density
set the range in the number of markers was 61-922 with a median of 389 markers.
To consider a larger number of markers we have used the COSI software and the same con-
figuration of parameters described above to create datasets consisting of 2,000 haplotypes with
20Mb of marker data. We have then applied the same procedure as the one applied to the 1Mb
datasets and considered the r2 value to be 0.9. Finally, from each dataset we considered exactly
8000 markers.
In the three datasets provided, the families had been already created. In each family we con-
sidered the haplotypes of the parents and created the children by randomly choosing a transmitted
haplotype from each parent and considered the same recombination rate as that of [26] a rate of 30
recombination events per 3x109bp. In the datasets that we created, each parent chose a haplotype
from the pool of haplotypes and the procedure for creating the children was exactly the same as
before.
3.2.6 Real Data
We have applied our method to data from the Type 1 Diabetes Genetics Consortium (T1DGC),
which consists of 2,300 families with 9,749 individuals from nine cohorts, namely Asia Pacific
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(AP; 191), British Diabetic Association (BDA; 418), Danish (DAN; 147), European (EUR; 475),
Human Biological Data Interchange (HBDI; 431), Joslin Diabetes Center (JOS; 112), North Amer-
ican (NA; 334), Sardinian (SAR; 78) and United Kingdom (UK; 114). To have a coherent pool of
families we chose the largest subgroup in terms of individuals and families based on the primary,
secondary and tertiary ethic groups consisting of 1,675 British individuals from 392 families. From
the total number of families, 19 families had only one child, 272 families had two children, 83 fam-
ilies had three children and the remaining 18 families had more than 3 children.
The fine mapping data include 2,957 SNPs in the MHC genotyped on two oligonucleotide pool
assays (OPA) using the Illumina Golden Gate platform at the Wellcome Trust Sanger Institute.
Quality control on the SNP genotypes were performed using PLINK [48]. First, any Mendelian
errors were set as missing. Then SNPs with call rate < 0.95 and MAF < 0.01 were discarded. The
remaining 2,338 SNPs were tested for HWE and those with p < 0.05/2,338 ∼ 2.14x10−5 were
removed, resulting in a total of 2,259 SNPs. Information on access to data and samples is available
at (https://www.t1dgc.org/home.cfm), and details of the dataset can be found in [49].
We have also applied our method on artificially created multiple children families from the
HapMap data. Similarly to the simulated data we have created datasets with varying number of
markers. First, we have randomly selected 80 non-overlapping 1Mb regions from Chromosome 1
from the CEU HapMap population (HapMap 3 release 2- Phasing data). We have then considered
25 non-overlapping 40Mb regions from chromosomes 1,2,3,4,5 and 8 from the same population.
In each region, we initially selected only those markers with minor allele frequency greater than
0.05 and then randomly selected markers to obtain a density of approximately one marker per 5kb.
For the 40Mb region datasets we fixed the number of markers to 8000 so that it is in accordance
with the number of markers in the simulated datasets. Finally, we have considered the full set of
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markers from each chromosome, without any filtering. We have again used the CEU population
and for each chromosome we have created datasets of 10 families each. There were no overlapping
families among the datasets. The number of markers for each chromosome is shown in Table 3.1.
For each family, we created extra children using the same procedure we described for the artificial
data.
3.2.7 Measurement of phasing accuracy
We have used two measures for the accuracy of phasing. The switch error rate [21, 36] is the
percentage of switches among all possible switches in haplotype orientation used to recover the
correct phase in an individual. In datasets with missing SNPs the imputation error rate [30] is
defined as the proportion of mistakenly inferred alleles among all missing alleles.
3.3 Results
3.3.1 Switch error rate
In the absence of real phased data, to evaluate the switch error rate all comparisons between the
different scenarios and algorithms were performed on simulated data. We created families with
three children and we considered all possible phasing configurations for obtaining the haplotypes
of the parents, which are the independent samples from the population. We have used our previous
trio algorithm (TDS [35]) and BEAGLE [30] and we have phased the data with the two options
available, when only considering trio algorithms: either taking only one child from each family or
breaking down the family with three children to three independent trios. A possible problem with
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the second option, where the family is broken into three separate trios, even though it is expected
to give more accurate phasing results as opposed to considering only one child from each family, is
that many times for the same parents different haplotype assignments are implied from the different
trios of the same family. Using our modified extension, we have considered the scenarios of taking
two out of the three children in each family simultaneously and finally all three children together.
In all cases the final error rate was an average of the switch error rate of the parents in each family.
The results are shown in Figure 3.3. As expected, the worst performing methods, when considering
the average of the switch error rates across all families, are TDS and BEAGLE when we use only
one child. The performance of both algorithms increases when all three separate trios from each
family are used for the phasing. The best performance in all datasets is achieved when all three
children are used simultaneously for the inference.
Furthermore, we have evaluated our method on whole chromosomal segments. For each chro-
mosome, we have considered the full set of markers and we have created four datasets each one
consisting of 10 families with three children as described in the ”Methods” section. We have
phased these datasets using two alternative scenarios. First we have used our modified extension
so that we simultaneously consider all children in a family. We have then broken down each family
with three children to three independent trios and performed the phasing using the BEAGLE trio
algorithm. The results (along with the number of SNPs on each chromosome) are presented on
Table 3.1 showing, consistently with the simulated data, that we can achieve better performance
when all children are used simultaneously for the phasing.
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Figure 3.3: Switch error rate. Estimating error rates by considering only one child from each
family with BEAGLE and TDS (BEAGLE 1, TDS 1), all three children as three separate nuclear
families (BEAGLE 3 and TDS 3) and two and three children simultaneously in a multi-children
family (TDS 2 and TDS).
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Chr Number of Sites Switch error rate(%)TDS Switch error rate(%)Beagle
1 116,415 0.08 0.19
2 116,430 0.11 0.26
3 96,537 0.16 0.37
4 85,772 0.09 0.22
5 87,919 0.12 0.27
6 91,357 0.14 0.35
7 75,320 0.16 0.38
8 75,272 0.19 0.46
9 63,612 0.11 0.31
10 73,832 0.14 0.33
11 70,973 0.16 0.35
12 68,525 0.18 0.39
13 51,915 0.17 0.39
14 45,474 0.1 0.24
15 42,353 0.23 0.47
16 44,648 0.14 0.38
17 38,401 0.11 0.26
18 40,824 0.15 0.32
19 26,238 0.27 0.5
20 36,258 0.17 0.36
21 19,306 0.24 0.53
22 20,085 0.08 0.15
Total 1,387,466
Table 3.1: Switch error rate. Estimating switch error rates with BEAGLE and TDS for datasets
including the full set of markers in each chromosome.
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3.3.2 Imputation error rate
For consistency, we have first evaluated the performance of our algorithm on the same simulated
datasets we have used for the evaluation of the switch error rate. To show the applicability of
our methodology to real data, we have also evaluated the performance of our algorithm on three
children families created from HapMap data. We have assigned randomly a realistic percentage of
2% of SNPs to missing values. We have imputed the values of the missing SNPs in the parents
using two different scenarios. First we have used our augmented framework considering all three
children simultaneously. We have then broken each family to three separate trios and performed
the imputation using BEAGLE, which from our experience is one of the fastest and most accurate
methods for phasing and imputation. The results are shown in Figure 3.4, demonstrating that
our algorithm, using information from all children simultaneously, performs better for all family
sizes with special emphasis on the cases where the number of families is small. We have also
compared the previous two scenarios in the real T1DGC dataset. In this dataset 1% of the SNPs
is missing. We have masked another 1% of the SNPs to missing values. We have then randomly
considered sets of 15 families phased with our methodology and broken down to trios and phased
with BEAGLE. The number of children in the families varied as described in the Methods section
and subsets of families were created randomly. The same imputation in the parental genotypes
is performed and the imputation error rate when using all children simultaneously with TDS was
0.0123 compared with 0.0156 when broken to trios and phased with BEAGLE, demonstrating the
improved accuracy of our methodology in uncovering the missing SNPs.
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Figure 3.4: Imputation error rate. Imputation error rate for three children families with TDS and
BEAGLE as three separate nuclear families (BEAGLE 3) after setting 2% of the SNPs to missing
values.
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3.3.3 Inference with pedigree based methods
In the previous two subsections we have compared our methodology against trio inference scenar-
ios that provide deterministic assignments for all markers in a dataset. For consistency we evaluate
a well known pedigree based method MERLIN, on the T1DGC dataset with the same 1 of masked
alleles as in our previous subsection. For our methodology we consider the same partitioning of the
T1DGC dataset as described in the previous subsection. For Merlin, similar to all pedigree based
methods each nuclear family is phased in isolation and we have obtained haplotypes corresponding
to the most likely pattern of gene flow (–best command line option). We have then examined the
haplotype inference and missing SNP imputation performance.
We note here that as opposed to the previous trio inference scenarios where the values of all
missing SNPs are inferred and all heterozygous SNPs are assigned to their respective chromo-
somes, when using MERLIN a percentage of missing alleles is not recovered and heterozygous
SNPs may have ambiguous phasing. MERLIN like all pedigree based algorithms examines each
single nuclear family in isolation ignoring the rest of the families in the dataset. As such there
can be ambiguous or not resolved instances in the haplotype inference and imputation scenarios.
In particular when assigning alleles in the chromosomes these instances could include heterozy-
gote loci in a parent that both alternative assignments in its respective chromosomes are equally
probable (or indistinguishable) or loci where both assignments result in the same number of re-
combination events. In the presence of missing SNPs these instances include also missing alleles
that cannot be imputed from the values of the remaining family members.
For the T1DGC dataset, MERLIN, as argued above, was not able to infer approximately 36%




MERLIN Correct 21.345(98.6%) 7 (0.03%)
Incorrect 288(1.33%) 9(0.04%)
Table 3.2: Missing allele inference with MERLIN and TDS. Correct and incorrect calls with
MERLIN and TDS on 64% of the alleles (21,649 alleles), which MERLIN was able to impute.
ferred correctly by both methods even though a small percentage was mistaken by MERLIN(Table
3.2). We have noticed that the vast majority of inferred alleles mistaken only by MERLIN corre-
spond to heterozygous inferred loci for which haplotype assignment was ambiguous . Excluding
all such SNPs and considering them as missing, essentially erases almost all mistakes produced
only by MERLIN, as shown in Table 3.3, resulting however in a higher percentage of not recovered
alleles. We further note that for the actual missing SNPs in the dataset the percentage of alleles not
recovered by MERLIN was 50%.
Furthermore, there was a percentage of heterozygous loci for which MERLIN produced am-
biguous phasing as it could not determine their haplotype assignment. Clearly loci that are het-
erozygous for all family members belong to that category. The mean number of ambiguous sites
in a nuclear family according to the number of children in the family is shown in Table 3.4. There
were on average 206 SNPs in each trio family (on a total of 2259 SNPs)for which phasing was
ambiguous.The number of ambiguous sites dropped to 96 sites per family when the family had
two children and was further reduced to 41 for three children families and 12 when the family had
more than three children. Intuitively the more children in a family that are genotyped, the more
probable it is that a child exists that can resolve the ambiguity in a given locus and thus fewer
ambiguous sites exist. For families with more than three children, as demonstrated in Table 3.4,




MERLIN Correct 20.830(99.92%) 5 (0.02%)
Incorrect 2(0.01%) 9(0.04%)
Table 3.3: Missing allele inference with MERLIN and TDS. Correct and incorrect calls with
MERLIN and TDS on only those alleles MERLIN was able to impute, excluding heterozygous
inferred missing SNPs for which MERLIN produced ambiguous phasing.
Average
number of
Number of Number of ambiguous




More than 3 18 12
Table 3.4: Average number of ambiguous sizes for families when phasing is performed with MER-
LIN
3.4 Discussion
To infer the haplotypes of all individuals in a set of nuclear families all pedigree-based algorithms
process each single nuclear family independently (or pedigree in the general case) ignoring the re-
maining families in the dataset. Therefore, there exist instances in the hapltoype inference problem
in nuclear families, as demonstrated in the ”Results” section, where these methods fail to provide
a solution and we therefore need to consider the underlying population information to obtain a
definite solution. On the other hand population-based methods and in particular trio-based meth-
ods fail to simultaneously account for all available familial information in a nuclear family as they
can only take into consideration one child at a time. Compared to a pedigree-based algorithm our
methodology focuses and resolves all these specidfic instances and we further demostrate that it
would be preferable to consider a combination of pedigree-population methods like our method as
opposed to resorting to a trio inference scenario.
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The objective of our proposed methodology is therefore to enable researchers to derive ef-
ficiently haplotype configurations for all individuals in a general study which includes nuclear
families some of which may have more than one child with missing genotypes (at a rate of 1 or
2%) and genotype errors. As such it should not be considered as an alternative method for inferring
haplotype orientations in a specific isolated nuclear family.
In our algorithm we use the procedure described in the ”Minimum recombinant orientation in
families” subsection to identify the minimum recombinant haplotype configurations for a specific
family in a specific block that will be used as input in our TDS scheme. Merged solutions from
adjacent blocks are created as described in the Partition-ligation subsection which are then sub-
jected to the same TDS scheme. This procedure does not in principle guarantee that the derived
final solution will be a minimum recombinant solution across the entire dataset. This is clear if we
think that since the TDS procedure in each block is independent of the adjacent blocks, potential
minimum recombinant configurations may be discarded within each block during the TDS scheme.
Our procedure rather focuses on identifying the minimum recombinant solution sets locally using
all the familial constraints and considers this set as the input for our sampling scheme.
An important observation in our experiments is that the relative gain using all familial informa-
tion simultaneously (compared to a trio inference scenario) increases as the number of families de-
creases. This means that as the number of families decreases, the familial constraints start playing
an important role, which cannot be modelled by population features alone. Thus, even though we
generally assume gain in accuracy when taking the familial structure into consideration compared
to the scenario where families are broken to independent trios, we expect the gain to diminish, as
the number of families grows large.
We would also like to emphasize that both algorithms, TDS and BEAGLE, when presented
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with trios from the same family, are able to inherently use this information. The reason is that
all trios stemming from the same multi-children family share some common solutions locally and
potentially globally, unless there is a recombination event. In TDS all such solutions are going to
be assigned greater weight as they are repeated during the course of the algorithm. In BEAGLE,
the EM style approach followed will benefit from the repeat of the localized patterns found in the
common solutions and will likely identify them.
An important parameter on all algorithms when intended for everyday use is speed. We have
shown in the previous chapter that our methodology can attain similar or greater speed compared
to BEAGLE. Incorporating the familial constraints has not resulted in important differentiations in
the scaling of our methodology.
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Chapter 4
Haplotype Inference and Frequency
Estimation in Pooled Genotype data
4.1 Introduction
Typically, the first phase of a GWAS includes genotyping across hundreds of individuals and vali-
dation of the most significant SNPs. One possible approach to reducing the overall cost of the study
is to replace individual genotyping in phase I with allelotyping of pooled genomic DNA [50–55].
Here, equimolar amounts of DNA are mixed into one sample prior to the amplification and se-
quencing steps. After genotyping, the frequency of an allele in each position is given [54].
Haplotypes are valuable again in this setting as they can improve the power of detecting asso-
ciations with disease and are also of general interest with the pooled data. To facilitate haplotype-
based association analysis it is necessary to estimate haplotype frequencies from pooled DNA data.
A variety of algorithms have been suggested to estimate haplotype frequencies from pooled
data. Available methods fall into two large categories. The first category consists of methods that
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focus on accurate solutions for small pool sizes (2 or 3 individuals per pool) and considerably large
genotype segments. Many well known approaches that focus on small pool sizes use an EM al-
gorithm for maximizing the multinomial likelihood [56–58]. Pirinen et al. [59] extended the gold
standard PHASE algorithm [23] to the case of pooled data. They introduced a novel step in the
Markov Chain Monte Carlo (MCMC) scheme, during which the haplotypes within each pool were
shuffled to simulate individuals on which the original PHASE algorithm could be run to estimate
the haplotypes. A method based on perfect phylogeny, HAPLOPOOL, was suggested in [60] and
was supplemented with the EM algorithm and linear regression in order to combine haplotype seg-
ments. HAPLOPOOL has demonstrated superior performance in terms of accuracy and computa-
tional time with respect to the competing EM algorithms. The second category consists of methods
that focus on large pools (order of hundred of individuals per pool) and considerably smaller geno-
type segments. For this scenario, Zhang et al. [61] first proposed a method (PoooL) for estimating
haplotype frequencies using a normal approximation for the distribution of pooled allele counts.
Imposing a set of linear constraints they transformed the EM algorithm to a constrained maximum
entropy problem which they solved using the iterative scaling method. Kuk et al. [62] improved the
PoooL methodology, using the ratio of normal densities approximation in the EM, which resulted
to the AEM method. Gasbarra et al. [63] introduced a Bayesian haplotype frequency estimation
method combining the pooled allele frequency data with prior database knowledge about the set of
existing haplotypes in the population. Finally, HIPPO [64] used a multinormal approximation of
the likelihood and a reversible-jump Markov chain Monte Carlo (RJMCMC) algorithm to estimate
the existing haplotypes in the population and their frequencies. The HIPPO framework is also able
to accommodate prior database knowledge for the existing haplotypes in the population and has
demonstrated improvements in the performance over the approximate EM - algorithm [64]. In this
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chapter we will therefore compare our proposed algorithm with the top performing methods from
each category as discussed above, namely HIPPO and HAPLOPOOL.
Naturally, pooling techniques are more prone to errors and offer less possibilities for assessing
the quality of the data than individual genotyping. As argued and discussed by Kirkpatrick et
al. [60], pooling errors have much greater effect on larger pool sizes as opposed to small pool
sizes with respect to the number of incorrect allele calls and the subsequent haplotype estimation.
In specific, if σ is the error standard deviation (SD) in the estimates of allele frequencies, 2 ∗σ
should be less than the difference between allowable frequency estimates, in order for clustering
algorithms to be able to correct the error. As more individuals are included in each pool, the
difference between allowable allele frequencies decreases, which results in a higher percentage of
incorrect calls. For example in pools of two individuals where the difference between allowable
frequency calls is 0.25 (0, 0.25, 0.5 ,0.75,1), an accuracy of σ < 0.125 will ensure a low rate of
incorrect calls (< 1%).
In a recent study Kuk et al. [65] examined the efficiency of pooling relative to no pooling using
asymptotic statistical theory. They found that under linkage equilibrium (not a typical case!) pool-
ing suffers loss in efficiency when there are more than three independent loci (23 haplotypes) and
up to four individuals per pool, whereas accuracy decreases with increasing pool size and number
of loci. Rare alleles or linkage disequilibrium (or both) decrease the number of haplotypes that ap-
pear with non-negligible frequencies and thus pooling could remain efficient for larger haplotype
blocks. In general, pooling could still remain more efficient in the case where only a small number
of haplotypes can occur with appreciable frequency, as also suggested in Barratt et al. [66], and
while pool size is kept considerably small.
In this chapter we introduce a new tree-based deterministic sampling method (TDSPool) for
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haplotype frequency estimation from pooled DNA data. Our method specifically focuses on small
pool sizes and can handle arbitrarily large block sizes. We present results on real data focusing on
dense SNP areas, in which only a small number of haplotypes appear with appreciable frequency,
so that our scenarios are within the limits of Kuk et al. [65]. We demonstrate that using TDSPool
we can achieve improved performance over existing state-of-the-art methods in datasets with large
number of markers.
4.2 Results
In order to compare the accuracy of frequency estimation between the different methods and under
the different scenarios examined, we compared the predicted haplotype frequencies from a given
method, f , to the gold-standard frequencies, g, observed in the actual population. The measure we
used was the χ2 distance between the two distributions which is simply the result of the χ2 statistic,
where g is the expected distribution, i.e., χ2( f ,g) = ∑di=1 ( fi−gi)2/gi and d is the number of gold
standard haplotypes [60].
4.2.1 Datasets
To examine the performance of our methodology we have considered in our experiments real
datasets for which estimates of the haplotype frequencies were already available and which cover
a variety of dataset sizes.
We have first simulated using the three loci haplotypes and their associated frequencies from the
dataset of Jain et al. [67] as the true distribution (Table 4.1). The haplotypes and their frequencies
were estimated using the EM algorithm from a set of 135 individuals genotyped on three SNPs
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Haplotype Frequency
1 0 0 0.082
0 0 1 0.525
1 0 1 0.283
1 1 1 0.106
Table 4.1: Haplotypes and their estimated frequencies for the 3 loci dataset
and the estimates were used as the true haplotype distribution. We have simulated datasets with
a variable number of pools T=50, 75, 100 and 150. In each pool each individual was randomly
selecting a pair of haplotypes according to the distribution of haplotypes. We have created pools
with two different pool sizes, 2 and 3 individuals per pool. For each number of pools and each
pool size we have created 100 datasets that were used as the datasets for our simulation.
Next, we considered two more cases with larger number of loci. In the second case which has
L= 10 loci, we generated data according to the haplotype frequencies of the AGT gene considered
in Yang et al. [58]. The haplotypes and their respective frequencies are given in Table 4.2. The
procedure for creating datasets and pools was identical to the three loci case.
The third dataset consisted of SNPs from the first 7Mb (742 kb to 7124.8 kb) of the HapMap
CEU population (HapMap 3 release 2- Phasing data). This chromosomal region was partitioned
based on physical distance into disjoint blocks of 15 kb. The resulting blocks had a varying number
of markers ranging from 2-28. For our purposes we have considered only the datasets that had more
than 10 SNPs and less than 20 (which was the maximum number of loci so that HAPLOPOOL
could produce estimates within a reasonable amount of time) which resulted in selecting a total of
80 blocks. On each block the parental haplotypes and their estimated frequencies were used as the
true haplotype distribution. As in the previous cases, in each block two different pool sizes, 2 and
3 individuals per pool, were considered and four different number of pools per dataset.
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Haplotype Frequency
1 1 1 1 0 1 1 0 0 0 0.033
1 1 0 1 0 1 1 1 1 0 0.016
1 1 0 1 0 0 1 0 0 1 0.017
1 0 0 1 0 1 1 0 0 1 0.017
1 1 0 1 0 1 1 0 0 1 0.017
1 1 1 1 0 1 1 1 0 1 0.507
0 1 0 1 1 0 0 1 1 1 0.017
1 1 0 0 0 0 1 1 1 1 0.033
0 1 0 1 0 0 1 1 1 1 0.1
1 1 0 1 0 1 1 1 1 1 0.193
1 1 1 1 1 1 1 1 1 1 0.05
Table 4.2: Haplotypes and their estimated frequencies for the 10 loci dataset
4.2.2 Frequency Estimation
We have examined the accuracy of our method and compared it against HIPPO and HAPLOPOOL
on the three datasets described in our previous subsection. In all experiments considered in this
subsection the DNA pools were simulated assuming no missing data or measurement error. The
performance of the methods is shown in Figure 4.1.
For the 3 and 10 loci datasets the result presented is the average χ2 distance from a 100 simula-
tion experiments, whereas in the HapMap dataset the result presented is the average χ2 distance on
the 80 datasets considered. For the 3 loci dataset it can be seen that TDSPool and HAPLOPOOL
produced similar accuracy. For the remaining two datasets with larger number of loci TDSPool
demonstrated superior performance. For the HapMap dataset only TDSPool and HAPLOPOOL
were evaluated since the maximum number of loci HIPPO can handle without prior knowledge of
the major haplotypes in the population is 10. At the same time even though HAPLOPOOL can in
principle handle larger datasets, due to excessive computational time for datasets with 24 and 28
loci we restricted our comparisons to datasets between 10 and 20 loci. We note here as well that
since HIPPO is based on a central limit theorem it is likely to be a better approximation in large
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pools as opposed to small ones that we focus in our study.
From our experiments we can also see that the number of pools also affected accuracy. All
algorithms demonstrated improved performance with increasing number of pools in the dataset.
Figure 4.1: Accuracy of haplotype frequency estimates. Estimating χ2 distance for 3 loci, 10 loci
and HapMap dataset for 50, 75, 100 and 150 pools with HAPLOPOOL, TDSPool and HIPPO.
4.2.3 Noise and Missing Data
In the previous subsection we have evaluated the performance of our method by simulating DNA
pools without missing data and measurement errors. However, in allelotyping pooled DNA, allele
frequencies may not be estimated properly in some practical situations and the data are conse-
quently missing or have measurement errors.
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In order to measure the effect of genotype error on the accuracy of the haplotype frequency
estimation and evaluate the performance of our method under such scenarios, we have simulated
genotyping error by adding a Gaussian error with SD σ to each called allele frequency. Suppose
we denote the correct allele frequency at SNP j in pool i as ci j. The perturbed allele frequency is
given by cˆi j = ci j+x where x∼ N(0,σ2). After simulating these perturbed haplotype frequencies,
we discretize the resulting frequencies to produce perturbed allele counts that are consistent with
the number of haplotypes in each pool. We have considered a variety of values for σ, ranging
from 0 to 0.06 similar to Kirkpatrik et al. [60]. The perturbed datasets examined were derived
from the unperturbed datasets used in the previous subsection with the procedure described above.
The results are shown in Figure 4.2. We give the results only when the number of pools is 75 but
the shape of the figures is similar for the remaining number of pools examined in our previous
subsection.
For small number of loci, HAPLOPOOL achieves the best performance. However, for larger
datasets TDSPool outperforms all competing methods.
Furthermore, we have evaluated the performance of our methodology using missing data. We
have randomly masked 1 and 2% of the SNPs respectively on the 10 loci datasets and estimated
the accuracy. As shown in Figure 4.3, missing SNPs result in small loses in the accuracy and as
expected the error decreases with increasing pool number.
4.2.4 Timing Results
The computational times for all datasets are displayed in Table 4.3. All methods were run with
their default parameters. Specifically, for HIPPO the default number of iterations was 100000 and
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Figure 4.2: Accuracy of haplotype frequency estimates with genotyping errors. Estimating χ2 dis-
tance for 3 loci, 10 loci and HapMap datasets when noise is added on the pooled allele frequencies.
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Figure 4.3: Accuracy of haplotype frequency estimates with missing data. Estimating χ2 distance
for 10 loci dataset with 0,1 and 2% of missing SNPs..
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for TDSPool the default number of streams (as will be defined in the ”Methods” section) used
throughout our experiments was chosen to be 50. Based on these results HIPPO was the slowest
performing method in all datasets performing more than 20 times slower than the remaining two
algorithms in the ten loci dataset. For the three loci dataset all methods were able to estimate
the haplotype frequencies within six seconds. For the ten loci dataset HAPLOPOOL and TD-
SPool were still able to produce the results in less than three seconds whereas HIPPO demanded
more than 58 seconds to finish. For the HapMap datasets again both methods TDSPool and HAP-
LOPOOL were able to finish the procedure within four seconds. In the ten loci and HapMap
datasets TDSPool demonstrated better performance compared to HAPLOPOOL when the number
of pools in each dataset was more than 75. Therefore, for all practical applications all methods are
fast enough and within limits for researchers to use.
4.3 Discussion
In this chapter, we have introduced a new algorithm for estimating haplotype frequencies from
datasets with pooled DNA samples and we have compared it with existing available packages.
We have shown that for datasets with small number of loci our algorithm has comparable perfor-
mance to state-of-the-art methods in terms of accuracy and computational time but it demonstrates
superior performance for datasets with larger number of loci.
Our method specifically focuses on small pool sizes and we have demonstrated the performance
on pools of two or three individuals. In our experiments we have partitioned pooled genotype
vectors in blocks of 4 SNPs as described in the ”Partition-Ligation” subsection. We have chosen to
partition the pooled genotypes every 4 SNPs so that computations are performed fast and we avoid
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Number of pools
50 75 100 150
3-loci Dataset
TDSPool 0.4458 0.4331 0.4743 0.4861
0.4260 0.4772 0.5346 0.5350
HaploPool 0.0697 0.0642 0.0607 0.0674
0.0593 0.0681 0.0607 0.0691
HIPPO 2.3593 3.0793 3.8856 5.3911
2.4182 3.2047 4.1161 5.5873
10-loci Dataset
TDSPool 0.8094 0.7778 1.0367 1.1259
1.0269 1.0805 1.1804 1.392
HaploPool 0.5136 0.7381 0.9554 1.4012
0.8531 1.2331 1.6247 2.4078
HIPPO 59.5605 62.7163 64.1563 71.0505
58.8816 64.6515 64.5386 73.9019
HapMap Dataset
TDSPool 1.0189 1.1660 1.1765 1.5455
1.8760 2.0830 2.1848 3.2719
HaploPool 0.6737 0.9577 1.2679 1.8489
1.1636 1.6928 2.2006 3.2905
Table 4.3: Timing Results. For each dataset in each algorithm the first line corresponds to the
case that each pool has 2 individuals whereas the second line to the case that each pool has three
individuals. Time is given in seconds.
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cases with huge number of solutions. Partitioning the dataset every 3 SNPs had negligible impact
on the accuracy of our results (results not shown) whereas partitioning every 5 SNPs in general can
produce block pool genotypes with thousands of solutions, especially when missing data occur.
In the framework developed by Pirinen, which had resulted in HIPPO, the algorithm was able
to accommodate prior database information on existing haplotypes in a population. Similarly, our
methodology offers a framework that can easily incorporate prior knowledge in the form of known
haplotypes from the same population as that from which the target pools were created. When
such existing haplotypes are known (such as those available from the HapMap), they can be easily
introduced in the form of a prior for the counts in the TDSPool algorithm. The presence of the
extra information will improve the frequency estimation accuracy in the target population.
4.4 Conclusions
We have introduced a new algorithm for estimating haplotype frequencies from pooled DNA sam-
ples using a Tree-Based Deterministic sampling scheme. Algorithms for haplotype frequency
estimation from pooled data fall into two categories. The first category consists of algorithms that
focus on accurate solutions and allow for considerably large genotype segments and the second
category of algorithms that focus on small segments but allow for a large number of individuals
per pool. We have compared our methodology with state-of-the-art algorithms from each category,
namely HAPLOPOOL and HIPPO. We have focused on scenarios and datasets in which the use
of pooling data is suggested for haplotype frequency estimation according to the study of Kuk et
al. [65] . In specific, our method focuses on scenarios where pools contain 2 or 3 individuals and
we have shown that for such scenarios our method demonstrates comparable or better performance
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compared with competing algorithms for a small number of loci and outperforms these algorithms
for a large number of loci. Furthermore, our TDSPool methodology provides a straightforward
framework for incorporating prior database knowledge into the haplotype frequency estimation.
4.5 Methods
In the beginning of the section we introduce some notation. For consistency we develop the ad-
justed statistical framework for the pooling data. We first present the prior and posterior distri-
bution given the data and then derive the state update equations for the TDSPool estimator. We
further present the modified partition-ligation procedure adjusted for the pooled data so that we are
able to handle larger haplotype vectors and we finally give a summary of the proposed procedure.
4.5.1 Definitions and Notation
Suppose we are given a set of pooled DNA measurements on L diallelic loci. We denote the two
alleles at each locus by 0 and 1, for convenience of our representation. Following the common
notation, we use the counts of allele 1 as the measurement for each allele on each pooled DNA
sample, which can be converted from the estimated allele frequencies and consists the pool geno-
type. Therefore if the size of a pool is N individuals, the counts for each allele can vary between 0
and 2N.
Suppose that we have T such pools each one of them with size N j, j = 1, . . . ,T . We denote
at = {a1t , . . . ,aLt } to be the pool genotype of the tth pool where ait ∈ {0, . . . ,2Nt}. Suppose also
that At = {a1, . . . ,at} is a set of pool genotypes of pools up to and including pool t and let A
denote the full set of pool genotypes. In pool t we denote the haplotypes occurring in that pool
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as ht = {ht,1, . . . ,ht,2Nt} where ht,i ∈ {0,1}L is a binary string of length L and the minor allele
is present in position j in haplotype i if ht,i, j = 0. We further define Ht = {h1, . . . ,ht}, similarly
to At as the set of haplotypes for each pool genotype up to and including pool t. A schematic
representation of the dataset and the notation used is given in Figure 4.4.
Let us also define Z = {z1, . . . ,zM} , where zm ∈ {0,1}L is a binary string of length L in which
0 and 1 correspond to the two alleles at each locus, as the set containing all haplotype vectors of
length L that are consistent with any pool genotype in the set A. To obtain Z from the given dataset
A, we first enumerate for each ai the subset ψi = {h1i , . . . ,hYi }, i= 1, . . . ,T that contains all possible
haplotype assignments which are consistent with ai. The set Z is then given simply by
⋃T
i=1ψi.
A set of population haplotype frequencies θ = {θ1, ...,θM} is also associated with the set Z of all
possible haplotype vectors, where θm is the probability with which the haplotype zm occurs in the
total population.
4.5.2 Probabilistic model
Similarly to the previous chapters, if we assume random mating in the population it is clear that
the number of each unique haplotype in H is drawn from a multinomial distribution based on the
haplotype frequency θwhich leads us to the use of the Dirichlet distribution as the prior distribution










































































Figure 4.4: Schematic representation of the notation used in our methodology. For each pool
genotype (at) and at each locus, the value of the pool genotype at that locus a
j
t is the sum of the





∝ p(at |ht = (ht,1, . . . ,h2Nt ),θ,At−1,Ht−1)
xp(ht = (ht,1, . . . ,h2Nt )|θ,At−1,Ht−1,Z)p(θ|At−1,Ht−1,Z)




























where we denote ρm(t)m= 1, . . . ,M as the parameters of the distribution of θ after the tth pool
and I(zm−ht,i) with i= 1, . . . ,2Nt is the indicator function which equals 1 when zm−ht,i is a vector
of zeros, and 0 otherwise.
Similar to the previous chapters we have obtained that the posterior distribution for θ is also
Dirichlet with parameters as given in 4.1 and depends only on the sufficient statistics, Tt = {ρm(t),1≤
m≤M} which can be easily updated based on Tt−1 ,ht , at as given by Tt = Tt(Tt−1,ht ,at).
4.5.3 Inference problem
Following the notation we used in the previous subsections we can summarize the frequency es-
timation problem as follows: Given A = {a1, . . . ,aT} the set of observed pool genotype vectors
and Z = {z1, . . . ,zM} the set of haplotypes compatible to the pool genotypes in A we wish to in-
fer H = {h1, . . . ,hT} the unknown haplotypes in each pool and θ = {θ1, ...,θM} the haplotype
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frequencies of all the haplotypes occuring in the population.
4.5.4 Computational algorithm (TDSPool)
Similar to traditional Sequential Monte Carlo (SMC) methods, we assume that by the time we have
processed pool genotype at−1, we have K sets of solution streams (i.e. sets of candidate haplotypes
for pools 1, . . . , t − 1) and their associated weights {H(k)t−1|w(k)t−1,k = 1, . . . ,K} properly weighted
with respect to their posterior distribution pθ(Ht−1|At−1). Given the set of solution streams and






where wt−1 = ∑Kk=1w
(k)
t−1 and I(∗) is the indicator function such that I(x− y) = 1 for x = y and
I(x− y) = 0 otherwise.
When we process the pool genotype t we would like to make an online inference of the hap-
lotypes Ht based on the pool genotypes At . Let us further assume that there are Kext possible
haplotype solutions compatible with the genotype of the tth pool, i.e. hit , i= 1, . . . ,K
ext .
Before we move to the derivation of the state update equation we note here that in the following
we will use the fact that for the unknown parameters θ, as we have shown in ”Probabilistic Model”
subsection, under certain assumptions the prior and posterior distribution are Dirichlet and depend
only on a set of sufficient statistics Tt = Tt(Tt−1,ht ,at).
Therefore, from Bayes’ theorem we have:
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pθ(Ht |At ,Z) ∝ pθ(at |Ht ,At−1)pθ(ht |Ht−1,At−1,Z)pθ(Ht−1|At−1,Z)











































Assuming that we have approximated p(Ht−1|At−1) as in 4.2, we can approximate p(Ht |At)
using 4.3 as







w(k,i)t I(Ht− [H(k)t−1,(hit,1, . . . ,hit,2Nt )]) (4.4)
The weight update formula is given by





where again r= [∑2Nti=1 I(z1−h jt,i), . . . ,∑2Nti=1 I(zM−h jt,i)] and ρ(k)(t−1) is the parameter vector of
the assumed Dirichlet prior which represents how many times we have encountered each haplotype
in stream k in the solutions up to pool t−1.
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4.5.5 Partition-Ligation
In the partition phase the dataset is divided into small segments of consecutive loci. Once the
blocks are phased, they are ligated together using a modified extension of the Partition-Ligation
(PL) method for the case of pooled data.
In our current implementation to be able to derive all possible solution combinations for each
pool genotype efficiently we have decided to keep the maximum block length to 4 SNPs. Clearly
the more SNPs are included in a block the more information about the LD patterns we can capture
but at the same time the number of possible combinations increases and becomes prohibitive for
more than 5 SNPs. For our experiments in a dataset with L loci we have considered L/4 blocks of
4 consecutive loci and the remaining SNPs were treated as a separate block.
The result of phasing for each block is a set of haplotype solutions for each pool genotype.
Two neighbouring blocks are ligated by creating merged solutions for each pool genotype from all
combinations of the block solutions, one from each block. When creating a merged solution for a
pool genotype from the two separate solutions (one from each block), since we do not know which
haplotypes belong to the same chromosome, all different possible assignments are examined. The
TDSPool algorithm is then repeated in the same manner as it was for the individual blocks.
Furthermore, the order in which the individual blocks are ligated is not predetermined. We first
ligate the blocks that would produce in each step the minimum entropy ligation. This procedure al-
lows us to ligate first the most homogeneous blocks so that we have more certainty in the solutions
that we produce while moving in the ligation procedure.
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4.5.6 Summary of the proposed algorithm
Routine 1
• Set the current number of streams m = 1. Define K as the maximum number of streams
allowed. Define H10 = {}.
• For t = 1,2, . . .
– Find the Kext possible haplotype configurations compatible with the pool genotype of
the tth pool.
– For k = 1, . . . ,m, j = 1, . . . ,Kext






t,1, . . . ,h
j
t,2Nt )]
* ∀ j compute the weights w(k, j)t according to 4.5
– Select and preserve M = min(K,mKext) distinct sample streams {H(k)t ,k = 1, . . . ,M}
with the highest importance weights {w(k)t ,k= 1, . . . ,M} from the set {H(k, j)t ,w(k, j)t ,k=
1, . . . ,m, j = 1, . . . ,Kext}
– Update the number of counts of each encountered haplotype in each stream
– Set m=M
TDSPool Algorithm
• Partition the genotype dataset G into B subsets.
• For b = 1, . . . ,B apply Routine 1 so that all segments are phased and for each one keep all
the solutions contained in the top K particles
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• Until all blocks are ligated, repeat the following
– Find the blocks that if ligated would produce the minimum entropy




Haplotype Inference in Copy Number
Variation / SNP data
5.1 Introduction
Copy number variations (CNVs) are a form of a structural genomic variation referring to dupli-
cations and deletions of DNA segments larger than 1 kilobase in size. CNVs are abundant in the
human genome and it is estimated that they can occupy as much as 4−6% [68–70].
Recently, large-scale genome wide studies have shed light in many aspects and characteristics
of CNVs providing unique insights into the origins, mechanisms, formation and population ge-
netics of CNVs [68, 69, 71]. At the same time, CNVs have been associated with complex traits
unexplained by recent GWAS [68] and are believed to make a substantial contribution to uncov-
ering the mechanisms and etiology of disease phenotypes that result from complex patterns of
inheritance [68, 72].
A variety of techniques exist for CNV detection. Initially, experimental studies have been
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performed primarily by array CGH but lately due to improved resolution and genome coverage
of genotyping arrays a number of methods have been developed relying on whole-genome SNP
genotyping arrays which offer a more sensitive approach and are more suitable for high resolution
CNV detection [69,73,74]. As a result there is currently simultaneously information on the integer
Copy Number (CN) genotypes along a CNV region and on SNPs outside these regions, in which
we will refer in the following as CNV-SNP genotypes.
For diploid organisms theoretical and empirical arguments have been made for the use of hap-
lotypes as opposed to genotypes as discussed in the previous chapters and a variety of methods
have been developed. However, only recently this problem has drawn attention when haplotypes
are inferred in a CNV-SNP region.
If we focus within a specific CNV region in a sample of individuals and assume that the ploidy
is fixed for each individual along the region then the problem of inferring the haplotypes is identical
to the problem of inferring the haplotypes in polyploid organisms or estimating haplotypes from
pooling data. This problem has been discussed in the previous chapter and not surprisingly a
number of algorithms originally developed for this setting have been applied to the associated
CNV haplotype inference problem described above.
Apart from the previous scenarios a number of methodologies have been specifically developed
and tailored for CNV data. Kato et al [75] have developed a methodology MOCSphaser based
on the EM algorithm to assign copy numbers in their respective chromosomes in regions that
include CN and SNPs. A core limitation of MOCSphaser as described above is that it takes into
consideration only the total CN and not the alleles themselves, assigning on each chromosome
a raw CN. As a consequence even though it provides information about the total copies on a
chromosome, that could be potentially useful, it does not provide information on the diplotypes
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themselves.
Another algorithm recently proposed by Kato et al [76] CNVphaser uses an EM approach to
perform inference. The core limitation of that method is that the inference is performed within
a CNV region and that the ploidy is considered fixed for an individual within the region. To
address these problems and thus enabling the phasing of regions where the ploidy of an individual
varies along the region and each individual can have different breakpoints Su et al. [77] suggested
polyHap(v2.0) in which they extended the functionality of their original methodology for pooling
data [78]. In their study they discern the phasing within a CNV into non-internal phasing in
which the CNV in a chromosome is inferred as a diplotype and internal phasing in which the
specific haplotypes comprising the CNV in a chromosome are further identified. We will use these
definitions in our current work.
In their algorithm Su et al. use an HMM methodology that has separate emission states for
the internal and non-internal phasing. They treat the transition between states conceptually in
a hierarchical two level model where the first level is for the transition among CN states and the
second for the transition among the haplotype states given the CN states. polyHap(v2.0) is the only
currently available method that can phase complex CNV regions by allowing arbitrary changes of
CN within individuals and along the genomic sequence.
In this chapter, we introduce a related new Sequential Monte Carlo algorithm for haplotype
phasing of CNV-SNP data (TDSCNV). In our method samples are processed sequentially and
our method scales linearly with the number of samples as well as the number of individuals. We
demonstrate that using our methodology we can achieve state-of-the-art performance while our
method is an order of magnitude faster than polyHap(v2.0).
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5.2 Results
5.2.1 Measurement of Phasing Accuracy
We have used a number of different measures to evaluate the performance of our methodology.
First, the switch error rate, as defined in previous chapters, is the percentage of switches among
all possible switches in haplotype orientation used to recover the correct phase in an individual. In
the case of a small number of loci where haplotype vectors can be expected to be reconstructed
exactly we have used two figures of merit, namely the χ2 and l1 distance to evaluate the accuracy
of frequency estimation. Suppose that f are the predicted haplotype frequencies from an algorithm
and g are the gold-standard population level haplotype frequencies. The χ2 distance between the
two distributions as defined in the previous chapter is χ2( f ,g) = ∑di=1 ( fi−gi)2/gi, where g is
the expected distribution and d is the number of gold standard haplotypes whereas the l1 distance
between the two distributions is defined as l1( f ,g) = ∑di=1 | fi−gi| [60].
5.2.2 Switch Error Rate
We have compared the performance of our method with polyHap(v2.0) for haplotypic phase infer-
ence using the switch error rate. In this section the evaluation was done on non-internal haplotypes.
In the evaluation of the switch error rate we consider only CN and SNP positions that are ambigu-
ous. For a marker genotype to have ambiguous phasing there should be at least two alternative
orientation assignments. As an example all 3CN genotypes are ambiguous positions. This is easy
to see, as the choice alone of the chromosome that would have the duplication creates two distinct




TDSCNV 0.111 0.127 0.14
polyHap(v2.0) 0.124 0.135 0.138
Table 5.1: Switch Error rates for non-internal phasing. The switch error rate presented for each
number of markers is the average on 100 datasets
three marker sizes namely 30, 50 and 100 markers. For each marker size we have simulated 100
datasets and the result presented is the average error rate on these 100 datasets. We can see that
for 30 and 50 markers our method was marginally better than polyHap(v2.0) whereas for the 100
marker datasets it was marginally worse.
5.2.3 Haplotype Frequency Estimation
We have examined the accuracy of our method and compared it against polyHap(v2.0) on datasets
of 8 and 10 markers in which individuals had a fixed ploidy. We have evaluated two appropriate
figures of merit as described above, the χ2 and l1 distance. We should note here that in order to
determine how good frequency estimations with a given method are, a small number of markers
should be used. The reason is that for a large number of markers it would be unlikely that the
exact same haplotypes would appear or reconstructed with appreciable frequency. Our method
produced an average χ2 and l1 of 0.32 and 0.41 respectively compared to 0.35 and 0.45 produced
by polyHap(v2.0).
5.2.4 Internal Phasing
We have further evaluated the performance of our method using the switch error rate inside du-




TDSCNV 2.1 3.7 5.7
polyHap(v2.0) 262.3 431.5 892.1
Table 5.2: Timing Results. For each method and each marker size the computational time is the
average time on the 100 datasets used in the switch error rate calculation. Time is given in seconds.
in duplicated segments of a chromosome as the scope was to detect how good the specific hap-
lotypes comprising the duplicated chromosomal region could be recovered. The switch error rate
evaluation within such duplicated regions is exactly the same as the evaluation on a genotype with
only SNPs. We have used the same 100 datasets for each of the three dataset sizes, namely 30, 50
and 100 markers, as in the evaluation of the switch error rate for non-internal phasing described
in a previous subsection. We found, as expected, that the results were similar irrespectively of the
dataset size and the average across all datasets was 0.183.
5.2.5 Timing Results
The computational times for the 30, 50 and 100 marker datasets used for the calculation of the
Switch Error rate are displayed in Table 5.2. We can see that TDSCNV is an order of magnitude
faster than polyHap(v2.0) for all marker sizes examined.
5.3 Methods
The structure of this section is as follows: In the beginning of the section we introduce some
notation that we will use throughout the chapter. In the subsections that follow we present the
modified version of our TDS methodology for the case of CNV-SNP data. For completeness, we
develop again our framework in detail as presented in the second chapter. We first present some
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modelling results for the prior and posterior distributions for the population haplotype frequencies
given the observed data. We then present the TDS methodology for the cases of known population
frequencies and subsequently extend it to the case of unknown frequencies. In the derivation of the
later we use the previously derived results for the prior and posterior distributions for the haplotype
frequencies. We end the exposition of our method by deriving the state update equations for the
TDSCNV estimator and presenting the modified partition-ligation procedure adjusted for the CNV-
SNP dataset scenario. In the end of the section we describe the procedure for creating the datasets
which we have used in the Results section to evaluate our methodology.
5.3.1 Definitions and Notation
Suppose we are given a set of CNV-SNP genotypes on L diallelic loci. We denote the two alleles
at each locus by 0 and 1. In the following we will use the counts of allele 1 as the provided
measurement for each allele on each sample. In our method we allow in a specific position a single
amplification or deletion. Therefore, if we are within a CNV region in a chromosome the allele
counts could range from 0 to 2 but could range from 0 to 1 outside these regions.
Suppose that we have T individuals and we denote ct = {c1t , . . . ,cLt } to be the observed geno-
type of the tth sample where cit ∈ {0,1,2,3,4} are the observed counts on the ith position. Suppose
also that Ct = {c1, . . . ,ct} is a set of individuals up to and including individual t and let C denote
the full set of individuals.
In terms of haplotypes we make an initial distinction in the values that alleles take in internal
and non-internal phasing. The framework that follows however will be described generically and
will be the same in both cases.
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For non-internal phasing our purpose is to infer haplotypic phase on diploid chromosomes as
we are interested in the total copies of an allele at a specific position on a chromosome. Therefore
the possible values for an allele at each position are {−,0,1,01,00,11}. On the contrary for
internal phasing we infer haplotypic phase on polyploid chromosomes and the possible alleles at
each position are {−,0,1}.
For individual t we denote the haplotypes occurring in that individual as ht . In the case of non-
internal phasing ht = {ht,1,ht,2}. For internal phasing ht = {ht,1, . . . ,ht,p}, where p is the ploidy
of the organism and p ∈ {1,2,3,4} as in our methodology we only consider a single deletion or a
single amplification per chromosome. Therefore, for the case of non-internal phasing ht,1, ht,2 are
strings of length L in which ht,i, j ∈ {−,0,1,01,00,11} and for internal phasing ht,i are strings of
length L in which ht,i, j ∈ {−,0,1}.
We further denote Ht = {h1, . . . ,ht} , similarly toCt as the set of haplotypes for each individual
up to and including individual t. Let us also define Z = {z1, . . . ,zM}, as the set containing all hap-
lotype vectors of length L that are consistent with any genotype in the set C. To obtain Z from the
given datasetC, we first enumerate for each ci the subsetψi= {h1i , . . . ,hYi }i= 1, . . . ,T that contains
all possible haplotype assignments which are consistent with ci. The set Z is then given simply
as
⋃T
i=1ψi. A set of population haplotype frequencies θ = {θ1, ...,θM} is also associated with the
set Z of all possible haplotype vectors, where θm is the probability with which the haplotype zm
occurs in the total population. We note here once again that we have given the definitions of Z and
θ generically for both internal and not internal phasing.
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5.3.2 Prior and Posterior Distribution for θ
Simlarly to the previous chapters, if we assume random mating in the population it is clear that
the number of each unique haplotype in H is drawn from a multinomial distribution based on
the haplotype frequency θ, which leads us to the use of the Dirichlet distribution as the prior
distribution for θ so that θ∼D(ρ1, . . . ,ρM). It is well known in Bayesian statistics that the Dirichlet
distribution is the conjugate prior of the multinomial distribution. This implies in our case, that,
if we assume that the prior distribution for θ is Dirichlet and we draw haplotypes based on their
frequencies (multinomial distribution), then the posterior distribution for θ is again a Dirichlet
distribution. We have proven this fact in previous chapter but for consistency we give a short proof
below
p(θ|Ct ,Ht ,Z)
∝ p(ct |ht = (ht,1, . . . ,hp),θ,Ct−1,Ht−1)
xp(ht = (ht,1, . . . ,hp)|θ,Ct−1,Ht−1,Z)p(θ|At−1,Ht−1,Z)




























where we denote ρm(t)m= 1, . . . ,M as the parameters of the distribution of θ after the tth pool
and I(zm−ht,i) with i= 1, . . . ,2Nt is the indicator function which equals 1 when zm−ht,i is a vector
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of zeros, and 0 otherwise. We note here once again that the number of haplotypes (i.e. the index
p in the assignment) depends on the phasing and is 2 for non-internal phasing while it ranges for
internal phasing. Furthermore, in the previous calculations for θ for each genotype vector we only
consider haplotype configurations that are consistent with that genotype.
We have shown that the posterior distribution for θ is also Dirichlet with parameters as given
in 5.1 and depends only on the sufficient statistics, Tt = {ρm(t),1 ≤ m ≤M} which can be easily
updated based on Tt−1 ,ht , ct as given by 5.1 i.e. Tt = Tt(Tt−1,ht ,ct).
5.3.3 TDS Estimator with known frequencies θ
Similar to the derivation in the second chapter, assume that by the time we have processed geno-
type ct−1 we have a set of K potential solution streams H
(k)
t−1k = 1, . . . ,K each associated with
its corresponding weight {H(k)t−1|w(k)t−1,k = 1, . . . ,K}. At t−1 we approximate the real continuous






where wt−1 = ∑Kk=1w
(k)
t−1 and I(∗) is the indicator function such that I(x− y) = 1 for x= y and
I(x− y) = 0 otherwise.
Processing the next individual t we would like to make an online inference of the haplotypes
Ht based on the genotypes Ct . From Bayes’ theorem we have:
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pθ(Ht |Ct) ∝ pθ(ct |Ht ,Ct−1)pθ(Ht |Ct−1)
∝ pθ(ct |Ht ,Ct−1)pθ(ht |Ht−1,Ct−1)pθ(Ht−1|Ct−1)
(5.3)
where for our purposes we only consider haplotype assignments for individual t that are com-
patible to its observed genotype. Assume further there are Kext such assignments. From previous
relationships, if we knew the system parameters θwe would be able to approximate the distribution
of p(Ht |Ct) as







w(k,i)t I(Ht− [H(k)t−1,h(i)t ])
where [H(k)t−1,h
(i)
t ] represents the vector obtained by appending the element h
(i)








t−1pθ(ct |ht = i)pθ(ht = i|H(k)t−1)
5.3.4 TDS Estimator with unknown frequencies θ
However, the frequencies θ are not known. In our model we use a Dirichlet distribution, as the prior
for θ and as shown we obtain a posterior distribution for θ (given Ht and Ct) that is Dirichlet and
only depends on a set of sufficient statistics. Using Bayes’ theorem and similarly to the previous
subsection we have:
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pθ(Ht |Ct ,Z) ∝ pθ(ct |Ht ,Ct−1)pθ(ht |Ht−1,Ct−1)pθ(Ht−1|Ct−1,Z)







where again we only consider haplotype assignments that are compatible with the observed geno-
type.
Taking into consideration as argued before that, if we know the systems parameters θ then the
p(ht |Ht−1,θ,Z) terms represents sampling from a multinomial distribution and that the mean of
the Dirichlet distribution with respect to an element θk of the vector θ is:
E{θk}= ρk
∑Mj=1ρ j
we have from 5.4 that:









































Assuming that we have approximated p(Ht−1|Ct−1) as in 5.2 we can approximate p(Ht |Ct)
using 5.5 as







w(k,i)t I(Ht− [H(k)t−1,(hit,1, . . . ,hit,p)]) (5.6)
where the weight update formula is given by





where again r= [∑pi=1 I(z1−h jt,i), . . . ,∑pi=1 I(zM−h jt,i)] and ρ(k)(t−1) is the parameter vector of
the assumed Dirichlet prior which represents how many times we have encountered each haplotype
in stream k in the solutions up to individual t−1.
5.3.5 Partition-Ligation
In the partition phase the dataset is divided into small segments of consecutive loci and each of
the individual blocks is phased separately. To ligate the individual blocks we have adjusted the
original Partition-Ligation method for the case of CNV-SNP data.
Similarly to the previous chapter, in our current implementation to be able to derive all possible
solution combinations for each pool genotype efficiently we have decided to keep the maximum
block length to 5 SNPs. As was the case with the pooling data as well, the more SNPs are included
in a block the more information about the LD patterns we can capture but at the same time the
number of possible combinations increases and becomes prohibitive for more than 5 SNPs. For
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our experiments in a dataset with L loci we have considered L/5 blocks of 5 consecutive loci and
the remaining SNPs were treated as a separate block.
The result of phasing for each block is a set of haplotype solutions for each genotype. Two
neighbouring blocks are ligated by creating merged solutions for each genotype from combinations
of the block solutions, each associated with the product of the individual solution weights called
the ligation weight.
Depending on which haplotypes one from each block are going to be assigned on the same
chromosome for each individual, a different number of changes in the ploidy of that individual
will occur. In our method we consider only the assignments that will produce the minimum num-
ber of such changes. Therefore, if both haplotypes in any block have the same CN we examine
both alternative assignments but we otherwise ligate solutions that have the same CN. The TDS
algorithm is then repeated in the same manner as it was for the individual blocks with the weights
of the solutions scaled by the associated ligation weight for that solution.
5.3.6 Dataset Creation
Our datasets consisted of SNPs from Chromosomes 1 and 2 from HapMap CEU population (HapMap3
release 2 - Phasing data). For our purposes we have considered only the parents in each trio which
are the unrelated individuals in our dataset thus resulting in a total of 88 individuals. We have
initially filtered out SNPs with minor allele frequencies less than 5% and we have then considered
non-overlapping datasets with a fixed number of SNPs. To create artificial CNV regions within
each dataset we have used the following procedure.
First, in each dataset we have found all the different haplotypes appearing in the dataset. In
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order to retain as much of the LD structure and also the property that most of the CNVs could be
flagged by neighbouring SNPs [68] we have randomly replaced specific areas of randomly chosen
haplotypes with a CNV haplotype. To perform that procedure we randomly selected haplotypes
based on their frequency in the population and modified them inserting CNV regions sequentially
as follows. Each position was considered as the beginning of a CNV region with a probability of
0.1. For each position flagging the beginning of a CNV we assigned the length of the CNV region
uniformly between three to eight SNPs. We then progressed along the haplotype from the end of
the CNV region in a similar fashion until we reached the end of a given haplotype.
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Chapter 6
Conclusions and Future Work
In this thesis we have presented a Sequential Monte Carlo framework (TDS) and tailored it to
address instances of haplotype inference and frequency estimation problems. In Chapter 2 we
introduced our framework and adjusted it to perform haplotype inference in trio families. We
showed that our approach demonstrates a great tradeoff between speed and accuracy making it
ideal for routine use.
In Chapter 3 we have extended the applicability of our framework to handle general nuclear
families. Our methodology is currently the only framework that simultaneously uses familial and
population-based information in studies including nuclear families with any number of children. At
the same time we have demonstrated why such approaches are preferable as opposed to resorting to
a pedigree based method that would use only the familial constraints or a population based method
that would use only the population based information.
In Chapter 4 we have used our TDS framework to address the haplotype inference and fre-
quency estimation problem in pooling data and polyploid organisms. We demonstrated that our
method achieves improved performance over existing approaches in datasets with large number of
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markers.
In Chapter 5 we have addressed the general inference problem in regions of CNV/SNP data.
Our framework enables the phasing of regions where the ploidy of an individual varies along the
region and each individual can have different breakpoints.
We have shown that our approach consists a convenient statistical framework able to encompass
and efficiently process prior information for the samples. At the same time, its computational
performance makes it an ideal option for current genome wide studies.
Apart from the scenarios addressed in this thesis there are other inference scenarios that are
considered open problems where our approach could potentially offer a relatively simple and effi-
cient solution and these are discussed below.
6.1 Haplotype inference in datasets that include pedigrees
In Chapters 2 and 3 we have presented our framework for haplotype inference in trio families and
subsequently extended it to handle nuclear families in such a way so that it could simultaneously
exploit population and familial information.
A clear extension of that scenario is for the case where instead of nuclear families we are
presented with general pedigrees. In the nuclear families case, as examined in Chapter 3 there
were obvious trio scenarios, that even though suboptimal and with potential drawbacks, could
nevertheless consist a viable alternative for a study. However, if pedigrees are included in the
dataset it is less than obvious what such scenarios for phasing the pedigrees would be, as they
should support a Mendelian consistent allele flow through the pedigree and could probably vary
depending on the specific focus of the study.
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As discussed in the background chapter of the thesis and the introduction of Chapter 3 a num-
ber of methods have been proposed that can perform the inference in isolated pedigrees. These
methods can be further decomposed in likelihood based methods and ruled based algorithms. Like-
lihood based algorithms reconstruct configurations by maximizing the likelihoods or conditional
probabilities of the configurations. Rule based algorithms reconstruct configurations by minimiz-
ing the total number of recombination events.
The approach we have introduced in Chapter 3 can be seen as a mixture of a population based
approach and a rule based approach as in order to reconstruct locally potential solutions for each
family we use a minimum recombinant criterion.
A similar two stage approach can be potentially followed in this more general setting. A rule
based algorithm can be applied as a first step in each pedigree separately, resulting to a set of
potential configurations implying the minimum number of recombination events in that pedigree.
We have to note here that each such configuration should include the potential assignment of the
founders in the pedigree (individuals with no parents in the pedigree). These configurations would
consist the list of potential assignments in the specific pedigree. The MRH algorithm [43] is a
potential algorithm that performs such inference using a set of rules. Our statistical framework
can then be applied to take advantage of the population information, resolve the ambiguities and
perform the inference.
This approach is a viable and novel approach for a small number of markers. However, to be
able to extend it to a larger number of markers the partition-ligation method should be used so that
we could combine chromosomal segments in the founders. An obvious problem of that approach
is that, as was the case in Chapter 3, we may not end up with minimum recombinant orientations
in each pedigree. To be more specific, assume that a set of minimum recombinant solutions is kept
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for each pedigree in the dataset. Merged solutions from adjacent blocks should then be created by
creating combinations of solutions one from each block for each founder in each pedigree, which
are then subjected to the TDS procedure. This process does not in principle guarantee that the
derived final solution will be a minimum recombinant solution across the entire dataset. This is
clear if we think that since the TDS procedure in each block is independent of the adjacent blocks,
potential minimum recombinant configurations may be discarded within each block during the
TDS scheme. It is important that a detailed evaluation should be done as in Chapter 3 to define
what are the potential gains from such an approach.
A more general scenario could occur if individuals in a pedigree or even some of the founders
originate from different populations with known database information. This scenario however is
uncommon as it could suffer from potential population stratification problems in its consequent
downstream association analysis. In association studies samples are taken from the same popu-
lation in order to avoid population stratification problems that could arise from such structures.
Nevertheless, it could still be the case that some distant members in a pedigree may originate
from different ethnical groups and different options should be evaluated for these members in the
analysis.
6.2 Haplotype inference in CNV/SNP regions in nuclear fami-
lies
As presented in the introduction of the previous chapter a number of methods for CNV detection
rely on whole genome SNP genotyping arrays. As a result there is currently simultaneously infor-
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mation on the integer Copy Number along a CNV region and on SNPs outside these regions for
which we have used the term CNV/SNP regions.
As explained in the introduction of Chapters 2 and 3 in many of these studies trio information
or information in nuclear families is available. In addition, in many studies such information
is further desired so that the computational inference of the boundaries of CNV regions can be
more accurate. The problem of inferring CNV/SNP haplotypes in trio or nuclear families becomes
therefore relevant.
In these scenarios the presence of the familial information will impose constraints on the set of
possible haplotype orientations for the parents similar to the cases examined in the first chapters of
this thesis where familial information is also available. The constraints are similar for both cases of
internal and non-internal phasing. For the regions were no CN exists in an individual, the problem
is exactly the same as the ones examined in Chapters 2 and 3.
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